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Abstract 
 
In an effort to develop new methods for measurement of human movements that 
permits faster, unobtrusive and precise detection of disorders, several researchers are 
proposing the use of inertial sensor as a tool for measurement and evaluation. 
Measurement devices based on inertial sensors permit the development of fully 
wearable systems that could improve the monitoring in environments other than 
laboratories helping to improve a more personalized health care and a more active 
participation of the patients. 
This thesis explores the topic of human movement analysis using wearable inertial 
sensors and focusing in two actions of the equilibrium: 
1. The postural sway while standing upright 
2. Anticipatory postural adjustments  
These actions were chosen because postural sway and APAs can be easily 
executed by elderly and patients in recuperation. This ensures that the methods here 
developed are applicable to this type of population. 
This work starts explaining the importance of the motor control system in the 
quality of life of humans. Following, the motor control system is briefly described along 
with some diseases that could affect it.  
In the chapter 3 it is presented a revision of the actual state of art measuring 
movement for analysis purposes including techniques and sensors more commonly 
employed by laboratories and clinicians.  
Chapter 4 presents a method for sway measurement using accelerometers and the 
results comparing elderly versus young healthy adults. There are presented some points 
that have not been fully considered in previous works and demonstrated how the 
accelerometers have better performance than the commonly used systems. 
Chapter 5 discusses some application of the APAs as a tool for detection of 
neurodegenerative disorders and presents a new algorithm that enable the detection of 
APAs using inertial sensors. 
Abstract 
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In the chapter 6 it is presented a discussion about the results achieved in this work 
and previous studies performed by other researchers. Contributions of this study as well 
as future work are presented in the chapter 7. 
The final goal of this study is the development of a fully wearable system that 
allows the monitoring of patients aiming to detect early symptoms of motor control 
failure that could be related to neurological disorders among others diseases. However, 
the present results only show the potential of inertial sensors to achieve this goal and 
propose some bases to accomplish the final goal. 
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Abbreviations 
List of common abbreviations employed in this work 
 
CoM  Center of mass 
CoP  Center of pressure 
CoG  Center of gravity 
RMS  Root-Mean-Square 
EMG  Electromyograpy/ electromyographic 
FFT  Fast Fourier Transform 
3D  Three-dimensional 
AC  Alternate current 
DC  Direct current 
DOF  Degrees of freedom 
MEMS Micro-Electro-Mechanical Systems 
OE  Open eyes 
CE  Closed eyes 
LPF  Low pass filter 
HPF  High pass filter 
APAs  Anticipatory postural adjustments 
VOR  Vestibulo-ocular reflex 
SNR  Signal-to-noise ratio 
ML  Medio lateral axis 
AP  Anterio posterior axis 
V  Vertical axis 
RV  Resultant vector defined as: 222 VAPMLRV ++=  
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Chapter 1: Introduction 
The human equilibrium while standing is a monumental task. Two-thirds of body 
mass is located two-thirds of body height above the ground which makes the body 
inherently unstable [1]. Furthermore, the human body is a multi-segmented structure 
supported by a small area of only a few centimeters determined by the frame of the soles. 
The mechanical structure of the body standing permits only a tilt of 9 degrees before it 
lost the equilibrium [2].  Under these conditions, even the heartbeat or respiration might 
cause equilibrium disturbances. However, despite these challenging conditions, a healthy 
human body is capable to perform many tasks, since very simple movements like to reach 
a cup of coffee on the table or very complex like those amazing equilibrium acts 
performed by dancers or experimented athletes. This ability of the human body is 
possible thanks to the action of the motor control. The motor control requires a very high 
coordination between several systems of the body. 
 The visual system provides information of the environment; vestibular system 
provides information about the position in space, linear and rotational movements; 
somatosensory system provides information about the internal position of muscles, joints, 
and temperatures and textures of the surfaces in contact with the body. All this 
information is processed by the Central Nervous System (CNS) which controls the 
skeletal muscle system, the effecter of the body. 
This necessity of coordination between already complex systems, makes the 
motor control a very sensitive system, prone to fail or present disorders due to many and 
varied causes.  It is then, not surprising that the human body presents movement disorders 
due to age, brain disorders, muscle skeletal injuries, or any malfunction of any of the 
systems directly or indirectly related with the motor control. 
It is precisely due to this multisystem characteristic of the motor control, and the 
relatively easy assessment of its effects on the body that along the history, many 
researchers have evaluated the human movement disorders as predictors or symptoms for 
several disorders mainly related with the CNS. There are several techniques to evaluate 
the motor control. It is possible to measure the postural sway during quiet standing or 
during movements for specific tasks, like reaching objects or walking.   
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The simplest way to assess the motor control is measuring the sway balance 
during static posture. This technique provides relatively few data making quick analysis 
possible and requires less and more simple equipment to measure in case of being 
performing quantitative analysis.  
Another interesting technique to evaluate the motor control is the measurement of 
anticipatory postural adjustments (APAs). Since the 60’s some researchers noticed that 
before voluntary movements, especially those fast and strong, an anticipated activation of 
muscles was executed in order to adapt the body for the forthcoming movement [3], [4]. 
Those adjustments have been found there were related with changes due to age and brain 
disorders [5-7]. 
Many researchers have been developed studies related with evaluation of APAs or 
postural sway using different tools to assess these movements [8-10]. Different methods 
are available for movement evaluation, from qualitative methods based mainly on 
observation, to methods based on very complex measurement devices.  
Qualitative methods are preferred by clinicians because they are cheap and 
relatively easy to perform, but require a lot of experience in order to do a correct 
evaluation besides to be subject to human errors derived from misleading observations. 
On the contrary, quantitative methods based on measurement devices provides results 
based on numbers and algorithms which guarantee the same evaluation process for all the 
subjects. Furthermore, these types of systems are usually more sensitive and can detect 
subtle changes not detected by simple observation at naked-eye.  
This thesis explores the topic of the human balance analysis, aiming to find 
measurable associations between this and specific characteristic of groups such as age. 
Furthermore, considering the current tendency of healthcare towards a remote, wearable 
and ubiquitous health monitoring [11-13], wearable devices were employed to monitoring 
the postural sway and the anticipatory postural adjustments (APAs).  
The use of inertial sensors for measurement of sway and APAs evaluation is not 
new; some researchers have already proposed this method. However, a review on the 
literature reveals that there is a lack of homogeneity in the methods and devices 
employed by the researchers. Each investigator use sensors with different characteristics 
without provides enough information on the sensitivity, noise level, gain, signal 
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processing and other important information required in order to standardize this method. 
The standardization is required if we want to used this technology in clinic and not only 
in isolated laboratory experiments. 
In chapter 2 we describe more detailed the motor control function and the main 
systems related to it.  
In chapter 3 we made a review of the more common techniques employed 
nowadays for human movement analysis. From subjective methods employed in clinical 
environments to highly sophisticated systems employed in laboratories. 
In Chapter 4 we reviewed the available literature related to sway balance 
assessment using inertial sensors and developed an improved technique for analysis of 
acceleration signals on the low-back to differentiate between young and elderly healthy 
subjects. The results of this study were compared with the results published by other 
researchers who employed force platforms to measure the same movement in order to 
determine if the inertial sensors have a similar or better performance evaluating postural 
sway than the common force platforms considered as the “gold standard”. 
In chapter 5 we proposed a new algorithm based on inertial sensors (gyroscopes 
and accelerometers) to detect and evaluate APAs in young healthy subjects prior to start 
walking. Previous studies relay in other devices besides the inertial sensors to detect the 
APAs, we aim to use only inertial sensors in order to simplify the method and improve its 
portability. 
Chapter 6 exhibits the similarities and differences between the results obtained in 
this work and previous studies in the literature.  
Chapter 7 presents the final conclusions and future research related to this 
investigation. 
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Chapter 2: Human balance 
  
The balance is usually taken as a granted ability of the human being. However, the fact 
of standing or walking using lower limbs and feet, which represent only the 37% of the body 
weight, while the remaining 63% is mainly carried, is an amazing challenge [14]. This 
distribution of mass makes the human body inherently unstable. Even small movements such 
as respiration or heartbeat could make the body fall if there were not a system controlling the 
equilibrium. Furthermore, the human body is not only capable to remain upright without 
falling but also to execute tasks performing movements that invariably affect the center of 
mass of the body, thus representing a new challenge for the control system. Even more, the 
body is capable to recover the vertical position after perturbations other than the generated by 
the body itself, for example, when somebody pushes the body of someone else. In a nutshell, 
the body is capable to deal with external and internal perturbations within a determined range 
without loss the vertical. In order to accomplish this task, the motor control makes use of 
several systems working together.  This chapter describes those systems and their basic 
function related with human balance. 
2.1 Terminology 
Before start to describe the system which enables the human body to move and stand 
vertical is convenient to define some basic concepts that will be profusely used from now on. 
The follow definitions are based on those proposed by Winter et al [1] , the vestibular 
disorders association [15], and the oxford dictionary. 
Posture: Is the characteristic way in which the body or any part of the body is hold usually 
against the gravitational vector. 
Balance: Is a term that describes the dynamics of the body to maintain the center of mass of 
the body over its base of support. It is related to the inertial characteristics of the 
body segments [16]. 
Centre of mass (CoM): Is a point equivalent of the total body mass in the global reference 
system and is the weighted average of the CoM  of each body segment in 3D space. 
This is the variable controlled by the balance control system. The center of mass in 
Chapter 2: Human balance 
 16
the human body is normally located just anterior to the tenth thoracic vertebra with 
slight changes for women, in lower positions than males and babies [17]. 
Centre of gravity (CoG): In posturography is often referred as the vertical projection of the 
CoM onto the ground. In other words, it is a point through which acts the body 
weight. 
Centre of pressure (CoP): Is the point location of the vertical ground reaction force vector. It 
represents an average of all the pressures over the surface of the area in contact with 
the ground. 
2.2 Sensory and effector systems 
The balance and postural control systems is controlled mainly by the brain and the 
nervous system with the help of three major sensory systems and one “effector” system. The 
brain receives and processes information from the visual system, the vestibular system and the 
somatosensory system. Using this information the brain calculates the difference between real 
and desired position of the body, and then sends the appropriate commands to the muscle-
skeletal system in order to modify or adjust the posture keeping the balance. Below is a briefly 
description of these systems involved in motor control.  
2.2.1 Visual system 
The visual system is one of the main systems involved in the balance and posture. The 
vision is useful for the brain for planning the locomotion avoiding obstacles during the 
movement [1]. Figure 1 shows a diagram of the information flow from the eyes to the motor 
cortex, the section of the brain for goal directed movements. Around 90% of the visual 
information is directed to the lateral geniculate nucleus (LGN). The LGN located inside of the 
thalamus preprocess the visual signals and sends the information to the visual cortex (V1) 
responsible for processing visual information. The V1 transmits the resulting information 
using two pathways, the dorsal and the ventral stream; The dorsal stream which involves the 
area V2 and V5 results in visual information associated with motion and representation of 
object’s location. The ventral stream results in visual information associated with form 
recognition and object’s representation. The remainder 10% of visual information from the 
retina is addressed to other parts of the brain in charge of control reflex of the eyes, circadian 
rhythms and movements of head and eyes related with orientation [18-20]. 
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 The failure of any of these sections of the information flow will result in a loss of 
vision and thus in the reduction of equilibrium control. 
 
 
Figure 1 Visual system 
 
In fact, The Romberg’s test one of the most used tests for postural control evaluation is 
based on the deprivation of vision by closing the eyes and observing the changes of sway with 
open eyes and closed eyes. A normal healthy subject is able to maintain upright stance either 
with vision eliminated or not [21]. Subjects suffering some type of affection in the nervous 
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system or vestibular systems are likely to present and increase of sway or even lost of 
equilibrium when they close the eyes. 
2.2.2 Vestibular system 
The vestibular system has important sensory functions contributing to the perception of 
motion, head position and spatial orientation. The vestibular systems is located in the temporal 
bone and consists of an elaborated set of chambers. These chambers are filled with a liquid 
substance and covered by sensorial cells. The main parts of the vestibular system are showed 
in Figure 2.  
 
Figure 2 Labyrinth and innervations of the vestibular system 
Basically this system senses the angular acceleration (rotational movements) and the 
linear acceleration (translational movements). The semicircular canals (SCC), anterior, 
posterior and horizontal, disposed in an almost orthogonal position sense the angular 
acceleration, while the utricular and saccular maculas are responsibly for sensing linear 
accelerations. These sensors are innervated by the vestibular branch of the cranial nerve VIII 
which distribute the signals as showed in the diagram of Figure 3. The major part of the 
acceleration signals goes to the vestibular nuclei and a small portion goes to the cerebellum. 
The cerebellum sends and receives data from the vestibular nuclei. The vestibular nuclei is 
divided into four areas, the Medial vestibular nucleus (MVN), superior vestibular nucleus 
(SVN), lateral vestibular nucleus (LVN) and inferior vestibular nucleus (IVN). The MVN and 
SVN receive more linear acceleration information while the LVN and IVN receive more 
rotational acceleration information. The muscles of the eyes receive information from the 
MVN and SVN. It is believed that this part is involved in the vestibule ocular reflex (VOR) 
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responsibly of image stabilization during head movement. LVN, IVN, MVN and SVN send 
information to the thalamus which then is projected to the cortex. It is believed that this part is 
concerned with spatial orientation, feelings of dizziness and vestibular stimulation. The LVN 
and MVN project to one part of the spinal cord involved in control of limb muscles. The MVN 
also innervates one part of the spinal cord related with neck muscles. These signals are used to 
maintain the posture (postural reflexes) [18], [22]. 
 
Figure 3  Vestibular system main paths of information 
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2.2.3 Somatosensory system 
The somatosensory system consists of several sensory organs located in the skin, joints 
and muscles which send information to several parts of the brain via the spinal cord passing 
through the brainstem. Figure 4 shows the main path that follows the information from the 
sensors to the brain cortex and cerebellum to be processed and interpreted.  Merkel’s 
corpuscles (also known as Merkel’s disks) are slowly adapting cells sensitive to pressure; it is 
believed that they play a major role in the static discrimination of shapes, edges, and rough 
textures. They are the most sensitive of the four types of mechanoreceptors at vibrations 
around 5 to 15 Hz. 
 
Figure 4 Somatosensory system (image from [18]) 
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Meissner corpuscles are rapidly activated following minimal skin depression. They are 
efficient in transducing information of vibration (30-50Hz) that occurs for example when 
textured objects are moved across the skin. Ruffini’s corpuscles are sensitive to cutaneous 
stretching produced by digits or limbs movements. Their tasks are still not well understood but 
probably respond primarily to internally generated stimuli (propioception). Pacinian 
corpuscles activate the nerve endings at 250Hz to 350Hz adapting rapidly than Meissner 
corpuscles and have lower response threshold. They are probably involved in discrimination 
of fine textures and other that produce high frequency vibration of the skin [18]. 
 The nociceptors initiate the sensation of pain when stimulated; there are three types of 
nociceptors: The myelinated which conduct at about 20 m/s, one for mechanic stimuli and 
other type for mechanothermal stimuli and the unmyelinated which conduct at 2 m/s and 
respond to both types of stimuli. The fastest type are used by the body in dangerously intense 
situations while the slowest are used for longer lasting and diffuse pain. The propioceptors are 
low-threshold mechanoreceptors located in the muscles and joints. They give detailed 
information about the position, force and speed of the limbs   and other body parts. These 
receptors include the muscle spindles, Golgi tendon organs and joint receptors. The 
information of all the above mentioned receptors is sent to the spinal cord and then to the 
brainstem. This information is projected from the brainstem to the cerebellum and the 
thalamus which projects to several parts of the cortex.  
In 1994, Jeka et al [23] demonstrated that the somatosensory information (finger 
contact) is as effective as sight in reducing postural sway. Lacker et al [24] found that even a 
small number of receptors in the fingertip is adequate to allow stabilization and forces as low 
as 5-10 grams provide some stabilization. Baccini et al [25] suggested that haptic signals 
reduced the sway more in aged than in young people   
2.2.4 Skeletal muscle system 
The skeletal muscle system is the executor of actions planned by the nervous system 
(NS) which receives, integrates and interprets the information given by the sensory systems. 
Figure 5 shows a part of the skeletal muscle system acting to lift a load.  
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Figure 5 Skeletal muscle system [26] 
 
Muscles are controlled primarily by the lower motor neurons. These neurons are 
located in the spinal cord and the brainstem, and are responsible for the reflexive movements 
by themselves without or with little participation of the brain cortex. The voluntary 
movements are controlled by the upper motor neurons of the cortex and brainstem. These 
sections receive information from the basal ganglia which starts the movement and suppress 
unwanted movements and the cerebellum which allows a fine control of the movements.  
Finally all the information, either from the upper neurons or the lower neurons, is send 
to the muscles via motor neurons. Each motor neuron carrying information synapses with 
multiple fiber within the muscle. These connections motor neuron - muscle fiber are 
distributed along the muscle. The diagram in Figure 6 shows the pathway of information 
between the NS and the muscles [18]. 
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Figure 6 Pathway of the motor system [18] 
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2.3 The nervous system 
The nervous system is composed of two main parts, the Central nervous system (CNS) 
and the peripheral nervous system (PNS). Figure 7 shows the pathway of information and 
main components of the NS. 
 
 
Figure 7 Main components of the nervous system 
 
2.3.1 Central nervous system (CNS) 
 
The CNS consists in the brain and the spinal cord [18]. This part of the NS integrates 
and interprets all the information coming from the sensory components (visual, vestibular and 
somatosensory. It is also from this part of the NS where the generation of voluntary movement 
initiates. Figures Figure 8 and Figure 9 summarize the main parts of the brain involved in the 
Peripheral  
Nervous 
System 
Central 
Nervous 
System 
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motor system and their hypothesized functional tasks. Voluntary movement starts with the 
idea of movement followed by the programming of movement which involves the basal 
ganglia, the supplementary motor area, the premotor cortex and the lateral cerebellum. All 
these areas innervate to the motor cortex which finally send information to the muscles via the 
cerebellum and the spinal cord to the muscles. The basal ganglia is composed of five nuclei: 
caudate, putamen, globus pallidus, subthalamic nucleus, and substantia nigra. The basal 
ganglia functions as a gatekeeper controlling movements originated in the association cortex 
that will control the motor system. Well known disorder involving the basal ganglia are the 
Huntington’s disease and the Parkinson’s disease. Booth of them clearly recognized by the 
deficit in postural stability and movement abilities. Huntington’s diseases patients suffer from 
hyperkinesias and clumsiness among others symptoms. Autopsies of Huntington’s disease 
patients reveal severe damages in the basal ganglia. 
 
Figure 8 Main brain architecture related with motor control 
 
The Parkinson’s disease is the most common disorder affecting the basal ganglia. It 
causes motor disorders that increase muscle activity detectable in form of tremors or rigidity 
caused when agonist and antagonist muscles are activated simultaneously [19]. Other 
symptoms include disorders in posture and locomotion, problems to initiate the movement and 
hypokinesia. The basal ganglion is important, not only for initiate movement but also for 
Chapter 2: Human balance 
 26
adjusting action’s force. Lesions on the basal ganglia generally result in disturbance of muscle 
tone and involuntary movements [26]. The Parkinson’s disease results from the cell death in 
the substantia nigra [19].  
 
Figure 9 Functional architecture of the motor system.  Based on [19] 
 
2.3.2 Peripheral nervous system (PNS) 
The peripheral nervous systems (PNS) consist in peripheral nerves and collections of 
nerve cells know as ganglia. Figure 10 depicts the architecture of the PNS. The PSN is 
basically divided into four main parts. The ganglia and peripheral nerves are mainly afferent 
ways carrying information to the CNS. The ganglia or ganglion are a group of cells 
interconnected to form more complex systems called plexus which recombines the signals 
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from several fibers in order to send all the information through one nerve. The fibers can 
convey sensory or autonomic information. The peripheral nerves convey afferent and efferent 
information as well as autonomic information. The cranial nerves are twelve and they carry 
information from the CNS to several areas. In Figure 10 only are depicted those sections more 
involved with the motor control.  
.  
Figure 10 Peripheral nervous system architecture. 
 
The spinal nerves area divided into four branches. The posterior branch contains 
afferent nerve fibers which lie in two ganglions in the root, the spinal and dorsal ganglion. The 
anterior branch supplies sensory and motor signals for the rest of the trunk and extremities. 
The recurrent branch  supplies sensory information to the spinal meninges and to the 
ligaments of the vertebral column. And the communicating branch which carry information 
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from the sympathetic part of the autonomic nervous system [26]. Roughly speaking, the PNS 
carries information from the sensor in the body to the brain and vice versa. [19]. 
2.4 The motor control 
The motor control system relays on multimodal sensory inputs of all of the systems 
described previously. All the movements, whether voluntary or involuntary, are executed by 
mean of spatial and temporal patterns of muscular contraction commanded by the CNS and the 
information necessary to achieve the purpose is transmitted by the PNS.  
 
 
Figure 11 Simplified architecture of the motor control system, figure based on[15] 
 
Some complex movements require the active participation of the motor cortex (Fig. 8) 
but reflexes elementary movements are carried out only by the brainstem and the spinal cord. 
In the end, all the movements produced by the skeletal musculature are initiated by the 
“lower” motor neurons located in the spinal cord and brainstem [18]. Figure 11 depicts a 
simplified diagram of the motor control system. 
All the levels of CNS are involved in postural control. The integrity of the brainstem is 
necessary for the generation of compensatory postural adjustments. Integrity of the higher 
levels including the motor cortex is necessary for anticipatory postural adjustments. As we can 
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see, the motor control is a very complex task and as any complex system is subject to many 
fails and disorders. Due to this direct relationship between the motor control and the brain, is 
possible to use the evaluation of the motor behavior as a tool to evaluate the status of the 
nervous system easily and quickly in a noninvasive way.  
2.4.1 Motor control disorders and related diseases 
Many studies are carried out every year to evaluate the motor control and find links 
between its behavior and several diseases or conditions of the human body. The site of 
measurement and the technique will depend on the type of disorder that is being under study. 
For example, it is common to measure the movement of the limbs, to find, diagnostic or 
evaluate tremors [27]. Measuring the movement of the CoM is useful among other, to evaluate 
the postural balance [1], [28]. Measuring the movement of different parts of the body to 
evaluate the human gait, the selected part to be measured can vary from the CoM, limbs, head, 
trunk, etc depending on how accurate the movement will be characterized. 
In the next chapter we describe some techniques and tools to evaluate movement in 
humans. 
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Chapter 3: Analysis of human balance 
The analysis of human movement is useful in many areas of knowledge, for 
example: research for scientific purposes, for clinical uses, sports, education etc [29]. The 
type of analysis can be qualitative or quantitative depending on the purposes, needs and 
environments where the analysis will be developed. Qualitative analysis is essentially 
descriptive and requires an excellent understanding, practice and experience of the person 
who is performing the evaluation.  It has the advantage of being non-time consuming, 
inexpensive, and can be implemented without the necessity of complex installations or 
systems. This type of analysis is usually employed in clinical evaluation and is performed 
by physicians, biomechanics specialists or similar but without the use of instruments. 
Disadvantages of this type of analysis are the degree of uncertainty in the analysis 
because the movement is evaluated subjectively and then is easily prone to fail by 
missing important details of the movement.  
Quantitative analysis provides numeric data that can be compared, evaluated 
mathematically, and then obtain results with a greater degree of certainty. Some usual 
variables related with the movement analysis are linear and angular displacements, 
velocities, accelerations, forces, torques, energies and powers. Evaluating these types of 
data is possible to detect disorders undetected only by observation, even is possible to use 
these type of analysis to detect movement disorders at early stage. Disadvantages of this 
type of analysis are, long time consuming to prepare the devices and equipment to 
execute the measurement; It is more expensive than the qualitative analysis and usually 
requires the participation of highly qualified persons to manipulate the measurement 
devices; moreover, it requires controlled environments depending on the technology used 
and might be cumbersome for the subjects affecting their movements thus, inducing 
measurement errors. In this chapter are described the most common techniques to 
evaluate and measure the human postural balance. 
3.1 Clinical balance evaluation 
Clinical evaluation of balance is usually based on simply postures or movements 
executed by the patient while the examiner is carefully observing. There are several 
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clinical methods to evaluate the postural balance in routine clinical situations; we will 
mention the most common methods. 
3.1.1 Romberg test 
The Romberg test is based on the fact that humans rely mainly in three sensory 
systems to keep the balance: visual, vestibular and somatosensory [21]. The information 
of these systems is integrated by the brain in such way that certain level of malfunction of 
any of these systems can be minimized by relying more on the other two systems. For 
example, if the subject has a defect in the vestibular system, the brain will use the 
information of the visual and somatosensory systems to maintain the balance [30]. 
The Romberg test compares the balance with open and closed eyes thus 
eliminating the visual input and observing the changes. If the patient loss the balance 
during the closed eyes position, then it is said that the Romberg test is positive and 
suggests that the patient has problems in the nervous system, the somatosensory system 
or the vestibular system. This test is usually employed for evaluation of neurological 
disorder tests.  
3.1.2 Commonly used test in clinical applications 
 
Based on the Romberg principle, several tests have been developed using several 
postures and measuring the length of time that the subjects can maintain the equilibrium. 
In 2003 Emery et al. [31] examined several methods of postural balance assessment and 
its main characteristics. Table 1 shows some of the most typical test, their respective 
outcome measurement, the degree of reliability and the method of validity comparing 
with another measurement system. 
In Table 1, the measurement of reliability indicates the degree of stability when 
the measurement is repeated under identical conditions or the degree to which the results 
obtained by the measurement procedure can be replicated. Some studies have been 
compared versus quantitative methods showing significant association between sway 
measures and error scores.  There are plenty of other methods to evaluate the postural 
balance, for example the Berg balance test, the Barthel test, and the fall risk test  but they 
also evaluate other activities in everyday life  so, there were no considered in this list.   
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Table 1 Common clinical test to evaluate the postural balance, based on data from Emery [23] and 
Browne [24] 
Clinical balance test Outcome measure Inter-rater 
reliability 
validity 
Static single leg stance (EO)  Maximum time 
maintained 
r = 0.96 NA 
Static unipedal stance (EC) 
 
 
 Maximum time 
maintained 
 Error scoring 
r = 0.96 Stabilometry sway path 
measurements (length, 
velocity, area) (r = -
0.42) 
 
Dynamic bipedal stance tilt 
board test (EO) 
 Error scoring 
 Angle of tilt 
 
r = 0.96-1 NA 
Dynamic stance using foam 
surface 
 
 Error scoring system 
(Unipedal and bipedal) 
ICC = 0.92 Stabilometry sway path 
measurements area (r = 
0.42) 
 
Functional reach test 
 
 
 
 
 
 Maximum lateral 
distance reached 
maintaining balance  
 Maximum anterior 
distance reached 
maintaining balance 
 
ICC = 0.98 NA 
Multiple single-leg hop 
stabilization test on numbered 
floor pattern 
 Scoring system for 
balance and landing 
errors 
 
ICC = 0.92 NA 
ICC = Intra-Class Correlation, r = Pearson correlation, NA = Data not available  
3.2 Laboratory balance measurements 
In contrast to clinical evaluation which evaluates qualitatively, laboratory analysis 
concerns performance parameters. It means, not only evaluates if the subject can perform 
a determined task but also measure how fast, accurate, and repetitive the task is 
accomplished. Balance assessment in laboratory is measured by using several devices and 
systems, from simple and inexpensive portable devices to highly sophisticated systems 
[32].  Three basic variables are usually employed for evaluating human movement: 
Displacement, force and electromyography. Attempting to measure any of these basic 
variables, or secondary variables derived from the basics ones, many technologies have 
been proposed. The next sections will describe some of these technologies. 
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3.2.1 Electromyography 
Electromyography defines the detection, analysis and use of electrical signals 
coming from the muscles when contracting. The activity (contraction and distension) of 
the muscles can be recorded and analyzed by measuring the electrical activity of each 
muscle under study [33].  Electrical signals are picked up using electrodes. Three types of 
electrodes are typically used: Needle electrodes which require the insertion of the 
electrode into the skin but can measure small areas of the muscles, besides to be easily 
repositioned within the muscle. Wire electrodes have the same advantages than the needle 
electrodes besides are less painful because they do not require the cannula to remain 
inserted during the test. These electrodes are not suitable for monitoring the motor control 
mechanism because are invasive and cause pain besides monitoring only a small part of 
the muscle. The last type of electrodes and the most used in studies related with postural 
balance are the surface electrodes preferred for time-force relationship of EMG signals, 
are easy to use and, provide information of large mass of muscle tissue [34]. 
Signal analysis techniques: In order to extract useful information from the EMG 
signals, several techniques have been proposed. The most common and widely used are 
enlisted in Table 2.  
 
Table 2  Common analysis techniques using EMG signals. Table based on data from De Luca [33] 
Analysis technique Description 
Rectification Process that consist in consider only positive peak of the signal. This can be 
done by eliminating the negative deflections or converting them into positives. 
Useful to calculate the average of the EMG signal. 
 
Averages of rectified 
signals 
Removes the larger fluctuations of the signal, Usually the moving average 
technique is employed as a smoothing method. 
 
Integration It provides a value of the variation of the signal with the time 
RMS This is the parameter most recommended for extraction of information from 
EMG signals. Provides information of the energy of the signal. 
 
Zero crossings and 
turns counting 
Consist in counting the number of times per unit time that the amplitude of the 
signal crosses a zero value or reach a peak. It is no recommended for measuring 
the behavior of the signal in function of the force. 
 
Frequency domain 
analysis 
It is the analysis of the signal in the frequency domain. Using the power density 
spectrum another parameter can be derived; The most common are the median 
frequency, the mean frequency, the bandwidth, ratios of segments and mode of 
frequency. 
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The EMG technique has the ability to measure selected muscle activity which has 
many applications not only in motor control but, in kinesiology, neurophysiology, 
rehabilitation, etc [33]. However, EMG has also several disadvantages. The attachment of 
the electrodes to the body is troublesome and takes time, the signals are very small so 
they are sensitive to noise, drift, artifacts and the signals processing is computing 
expensive. Furthermore the EMG systems are obtrusive [35] because most of them 
transmit the signals using wires and use fasteners to hold the electrodes in the required 
position, all these apparatus difficult the natural movement of the subject under study. 
With the use of new electronic techniques, the development of wireless sensors [36] and 
active sensors [37] that do not require conductive gel are overcoming some of the 
problem of these technique. However, its use is still reserved for laboratory analysis more 
than for clinical use. 
3.2.2 Force 
Another variable to evaluate the movement is the measurement of the force 
exerted by the body weight and usually measured by mean of force platforms or 
stabilometers. This measurements are based on the biomechanical model of balance 
known as inverted pendulum. This model considers the CoM as a passive variable 
controlled by the balance control system. The vertical projection of the CoM onto the 
floor is called CoG and the net motor control signal of the body is called CoP and is the 
variable measured by force platforms or stabilometers. The relationship between the CoG 
and the CoP can be explained using Figure 12. 
From Figure 12 and assuming an inverted pendulum with stationary pivot point 
(the ankle) we can get the next equation for the horizontal acceleration. 
hx •= θ&&       (1) 
And also, writing the sum of moments around the ankle we get the Equation 2. 
θIWCoGRCoP =•−•    (2) 
Where: I is the moment of inertia of the total body about the ankle joint (kg.m
2
). 
Working out the value of θ and replacing it in Equation 2 we get: 
h
x
IWCoGRCoP
&&
=•−•    (3) 
But R = W then: 
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ICoGCoP &&
&&
=
•
=−     (4) 
 
 
Figure 12.  Simplified inverted pendulum model.  CoG is the projection of the CoM into the floor, 
CoP is the projection of the net effect of the forces controlling the CoM, h is the distance from the 
ankles to the CoM, θ is the angular acceleration of the inverted pendulum, W is the body weight and 
R is the vertical ground reaction force [1].   
 
Equation 4 describes the relationship between the CoP, CoG and linear 
acceleration of the CoM ( x&& ). The graph in Figure 12 shows that the CoP displacement 
measured using force platform moves around the CoG displacement which has lower 
frequencies content. It is clear that the CoP is acting to control the CoM position and 
actually, the (CoP-CoG) is the error signal that causes the CoM to accelerate horizontally 
[38].     
A force platform or force plate is a device designed to measure the forces (Fx, Fy 
and Fz) and moments (Mx, My and Mz) by mean of load transducers. The stabilometers 
or balance plates are devices similar to the force platforms but designed to detect only the 
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vertical component of the resultant (Fz) and the CoP [39]. Force platforms and 
stabilometers are the most widely used devices to evaluate balance. There are 
uncountable number of studies using  force platforms and stabilometers to evaluate the 
human balance and trying to find relationships between this and several neurological [40]  
and muscular disorders or changes by effect of ageing [41], poisons[42], or specific status 
of the body [43], [44] , practically anything that could be related with equilibrium. These 
devices have high test-retest reliability are widely available commercially, are easy to use, 
and the results can be obtained quickly thanks to the software that usually accompanies 
these devices. Without doubt, nowadays, the force platforms and stabilometers are the 
most employed devices to evaluate static and dynamic balance [45]. The disadvantages 
are, the relatively high price and the restrictions in space and measurement conditions. 
3.2.3 Displacement, velocity and acceleration 
There are many technologies aiming to measure the movement of either the whole 
body or just a segment depending on the purposes of the study. The most commonly used 
will be briefly described following. 
3.2.3.1 3D video systems 
Optical tracking systems based on video cameras and markers are capable to 
measure not only the standing balance but also a wide set of complex movements such as 
jumps, runs, turns, etc., by mean of post processing of the images is possible to measure 
displacements, and variables derived from distance such as velocity and acceleration.  
 
This type of systems can be used along with force platforms or EMG systems to 
obtain a more complete analysis including forces, pressures, and muscle activation 
patterns [46]. Some systems are capable to detect changes as small as tenths of 
millimeters in 3D [47] and sampling frequencies of several hundreds of Hertz besides to 
be considered as the least obtrusive systems for movement measuring. 
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Figure 13 Set up of a VICO?  MX T series 3D optical marker-based system [47]. Red circles indicate 
the position of five cameras.  
 
3D video systems consist in several cameras located strategically to detect all the 
markers attached to the body under study. The markers can be passive, made of reflexive 
material or active, emitting some type of light. The measurement accuracy can be 
customizable and depending on that, is the complexity of the system. The more accuracy 
required, the more complex the system. These systems requires special installations, 
illumination and demand high computing power to process all the information, the work 
space is limited by the number of cameras and the system is susceptible to suffer from 
occlusion,  requiring a clear line-of-sight between the markers and the cameras. The time 
required for the set up, the expensive cost of the system and the special requirements 
make of these systems suitable mainly for laboratories [35], [45]. Figure 13 shows a 
typical set up of a video tracking system VICON using reflexive markers and special 
cameras with strobes. 
 3D video systems are usually employed as a “gold standard” for the evaluation of 
complex movements, for example, ascending stairs [48] or to assess others movement 
measuring techniques [49], [50].  
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3.2.3.2 Magnetic tracking systems 
Electromagnetic field based systems are other common technology employed for 
movement tracking. Systems based on DC electromagnetic pulses and AC 
electromagnetic pulses are capable to measure movements with 6 DOF and resolutions as 
small as 0.004mm and 0.0012º [51]. 
 
Table 3 Movement tracking systems based on electromagnetic field technology. The resolution 
improves if the receptors are closer. The table shows the maximum work space and the resolution at 
such distance [51], [52].  
Maker/name Sampling 
frequency 
resolution Technology Workspace 
(diameter) 
Polhemus/Liberty latus [51] 188 Hz  102 mm /4.23º AC pulses 430 cm  
 
Polhemus/G4 120 Hz 1.54 mm / 0.1º AC pulses 243 cm 
 
Ascension technology/TrackStar 240 Hz 0.5 mm / 0.1º DC pulses 100 cm  
 
Magnetic field based systems do not require clear line-of-sight between the 
receptors and the transmitters, are small and highly accurate with high resolution, and do 
not present drift as the inertial sensors, but are susceptible from interference of either 
ferromagnetic materials or earth magnetic field and the resolution is affected by the 
distance between the receptor and transmitter, are expensive and the set up is time 
consuming.  
 
Figure 14 Electromagnetic field based tracking system, Liberty latus from polhemus. 
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These systems are recommended by the manufacturers to measure small 
movements such as navigation in surgery and also for biomechanical applications. 
Accornero et al. used electromagnetic sensors to evaluate the posture and age-related 
changes reporting good results [53].   
3.2.3.3 Inertial sensors 
Inertial sensors such as accelerometers and gyroscopes have been used since 
1920’s as a part of guidance and navigation systems to estimate position and movement 
in airplanes and ships [54], [55] . In 1959 Thomas and Whitney [28] published their work 
related to standing postural analysis using force platform and accelerometer attached on 
the trunk. Since then, many studies have used inertial sensors not only for postural static 
analysis but also for gait [56] and detection of falls [57] among many others applications. 
By combining accelerometers and gyroscopes is possible to coarsely emulate the 
vestibular system (see chapter one) measuring angular velocity and linear acceleration. 
There are several types of sensors depending on the technology employed for their 
fabrication but MEMS devices are dominating the medium-performance applications 
(non-military applications) [58] and are the most reported in studies related with human 
movement analysis.  MEMS were first presented in 1979 by researchers from the 
Stanford university and since then have progressed rapidly [59]. Today available devices 
have four main advantages or characteristics over other technologies [60]. 
 Inexpensive 
 Small  
 Very low power consumption enough to permit battery operated devices. 
 Capacity for self-testing, auto calibration, etc. 
We will describe briefly the basis of this type of sensors and the different 
technologies available for human movement measuring. 
Accelerometers 
 
There are many types of MEMS accelerometers, among the most common are: 
piezoresistive, capacitive, piezoelectric, tunneling and resonant technology. Piezoelectric, 
Capacitive and piezoresistive accelerometers have been more widely used for human 
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movement analysis [61]. Despite the many types of technologies, the majority of the 
accelerometers have in common that their sensing element consist of a proof mass that is 
attached by a mechanical suspension system to a reference frame. Inertial force due to 
acceleration or gravity will cause the proof mass to deflect and this deflection can be 
measured electrically with physical changes in displacement of the proof mass with 
respect to the reference. Figure 15 shows a basic scheme of a capacitive accelerometer. 
 
Figure 15 Schematic representation of a capacitive accelerometer.  A cubic mass is suspended by 
springs on all six sides and the 3D displacement of the mass with respect to the housing is measured 
capacitively [62].  
 
Piezoresistive accelerometers:  These types of sensors consist of a cantilever 
beam which contains a proof mass. The motion of the proof mass due to acceleration is 
detected by piezoresitors located in the cantilever. These piezoresistors are arranged as a 
Wheatstone bridge to produce a voltage proportional to the applied acceleration of the 
proof mass. Figure 16 shows a simplified draw of a piezoresistive accelerometer. 
 
Figure 16 Cross-sectional view of a piezoresistive accelerometer [60] 
This type of accelerometers are simple and low cost because are relatively easy to 
fabricate in silicon and the read-out circuit is relatively simple. They provide a low-
impedance output signal and high sensitivity, typical devices show a sensitivity of 1 to 3 
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mV/g, quite high bandwidth, possibility to obtaining very high natural frequency 
(>30kHz), simple data processing and possible miniaturization. These devices are also 
capable to measure constant acceleration. However, the output have strong temperature 
dependence and tend to present drift furthermore, they have a lower level of output 
signals, no significant linearity  [60-63]. 
Capacitive accelerometers: The displacement of the proof mass is measured 
capacitively. The capacitive sensing mechanism consists in a seismic mass which is 
encapsulated between two electrodes as shown in Figure 17.  
 
Figure 17  Capacitive sensing mechanism [60]. 
The differential capacitance is proportional to the deflection of the mass. These 
devices have the advantages of low power consumption, large output level, higher range 
frequency, technological ruggedness and mechanically simple detector. They are also 
capable to detect constant acceleration, are less sensitive to noise, low drift, low power 
dissipation, low temperature sensitivity and simple structure. However, this type of 
sensors  can be susceptible to electromagnetic interference (EMI) which force to use a 
better shielding of the sensor and their interface circuit [59], [61]. This type of 
accelerometers has been more widely reported in studies using accelerometers for balance 
assessment. 
Piezoelectric accelerometers: Accelerometers based on this principle use 
piezoelectric materials for the detection of the proof mass movement. Figure 18 shows an 
example using PZT as detection material.  
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Figure 18  Piezoelectric accelerometer using thick-film printed PZT (Lead zirconate titanate) [60]. 
These types of accelerometers have the advantage of higher bandwidth which can 
easily reach several tens of kilohertz. However, they are unable to measure constant and 
low frequency acceleration signals because unavoidable charge leakage. Some devices 
reported have reached sensitivities of 1.5mV/g with flat frequency response of 1 Hz to 
200 KHz [60]. 
Other technologies exists such as tunneling, resonant, optical, electromagnetic and 
thermal devices  but, these are not commonly used in human movement due to less 
availability, price or bulkiness. 
Typical acceleration range for monitoring human movements 
The accelerations generated during human movements varying across the body 
and the activity being developed. In general, the greatest accelerations are developed in 
the vertical axis [64]. Table 4 summarizes the common ranges measured in along several 
studies under different activities. 
Accelerations decrease from ankle to head; furthermore, the energy band for daily 
activities ranges from 0.3 to 3.5 Hz although, during the heel strike, frequencies over the 
60 Hz can be measured. In general have been found that 98% of the energy during 
barefoot walking is under 10 Hz and 99% is under 15Hz, under 18 Hz for running. 
Based on these data, for human monitoring is recommended acceleration sensors 
with ranges of ±12 g in general or ±6 g if the sensor is attached around the waist, and to 
be capable to measure frequencies between 0 and 20 Hz [64]. 
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Table 4  requirements fir accelerometry monitoring of human movements [64] 
Activity Body part Vertical  Horizontal 
 
Running 
Ankle 8.1-12 g NA 
Low back + 5 g NA 
Head + 4 g NA 
 
Walking downstairs Ankle + 8.1 g NA 
 
Trampoline jumping Ankle + 7 g NA 
 
 
Level walking 
Ankle 2.9-3.7 NA 
Upper body -0.3-0.8 NA 
Low back NA -0.3-0.4 
Head NA -0.2 - 0.2 
 
Gyroscopes 
The construction of gyroscopes or angular rate sensors is based on different 
techniques: Spinning rotor gyroscopes, laser gyroscopes and vibrating mass gyroscopes. 
The first two types are used mainly for navigation purposes. They are both, expensive 
and bulky [62] which make them unsuitable for human motion analysis which requires 
small and unobtrusive sensors. The vibrating mass gyroscopes are small, inexpensive and 
require low power, which make them ideal for human movement monitoring. A number 
of vibratory gyroscopes have been suggested including the tuning forks, vibrating beams, 
vibrating shells, vibrating disk, vibrating cylinder and vibrating ring. Despite the 
geometry used, all of them are based on the principle of the Coriolis Effect. Figure 19  A) 
shows how the Coriolis effect permits to detect angular movements. The Coriolis effect 
generates a force which is orthogonal to the vibration direction when a angular movement 
is applied on the axis perpendicular to the vibration direction. This force generated by the 
Coriolis effect can be sensed by piezoresistive or capacitive elements.   
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Figure 19 Coriolis effect used in the vibrating gyroscopes. A) A mass moving in the direction V, when 
an angular movement is applied in the z axis (red arrow), the mass experiences a force on the y axis 
(yellow arrow) as a result of the Coriolis effect.  The figures in B) shows a technique using differential 
capacitance in order to discriminate between the movement caused by an angular movement and a 
linear acceleration [65].  
 
The most common is the capacitive detection. Figure 19, B) shows a technique 
employed by the manufacturer ST microelectronics. INC to discriminate between forces 
generated by the Coriolis effect and forces generated by linear accelerations. This 
technique is based on two masses instead of only one. Both masses are vibrating in the 
same direction, when a angular movement is applied the masses generate a force in 
opposite directions.  These forces generate differential in the capacitive sensors and the 
difference of capacitance is used to calculate the angular movement. Otherwise, if a linear 
acceleration is applied to the sensing mechanism, the force generated will be in the same 
direction which creates a null difference of capacitance, and then an output zero will be 
generated. 
These devices, just like the accelerometers, can be also assembled using three 
single axis sensors in the same package obtaining a 3D gyroscope. Table 5 enlists some 
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manufactures of gyroscope devices cited in articles related to human movement analysis 
using MEMS.  
Table 5 Manufacturers of gyroscopes more suitable for human analysis. 
Manufacturer Characteristics offered 
STmicroelectronics Digital and analog gyrocopes, 3-axis, voltage supply as low as 2.4 V, Selectable 
scales from 250 to 2000 dps, <6.1 mA current consumption. Resolution up to 
0.03dps/ Hz . Temperature ranges form -40 to 85 °C , Small packages (3 x 5 x 
1 mm)  
 
Analog devices Single axis, range ±300 °/s, sensitivity 7mV/°/s   voltage from 4.75 to 5.25V, 3,5 
mA current consumption, -40 to 105 °C, package 7x7x3 mm. 
 
Murata Single axis, range ±300 °/s, sensitivity 0.67mV/°/s   voltage from 2.7 to 5.25V, 
3,5 mA current consumption, -30 to 85 °C, package 4x8x2 mm.  
 
Inertial measurement units 
Inertial measurement units (IMU) are originally known in navigation systems to 
estimate the position and speed of ships without the necessity of external references. 
Usually, IMUs include 3D accelerometers, 3D gyroscopes and sometimes 3D earth 
magnetic field sensors. Obviously, the bandwidth, sensibility and temperature range for 
these devices must comply with very high standards which hinder the use of MEMS 
devices in such applications. 
 
Figure 20  IMU manufactured by Xsens, contains 3D accelerometers, 3D gyroscopes, 3D earth-
magnetic field, and a static pressure sensor [66]. 
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However, for human movement analysis, MEMS based devices complies with the 
requirements and actually several researchers have proposed algorithms for human 
movement measurement using IMUS made with MEMS devices [67]. Rueterbories et al. 
[68] published a good review of inertial units employed in human gait analysis. Some 
IMUs, highly integrated, are commercially available for scientific purposes [69] some of 
them even includes barometers for altitude estimation [66].  
Other researchers have implemented GPS units to improve the estimation of 
human gait parameters [70].  
Is evident the interest and feasibility of inertial sensors to evaluate human 
movement but still there is much to do before these systems can become available for 
common clinical use. Nowadays there are many proposed methods to evaluate human 
balance but there is not a standard which is necessary for the implementation in hospitals 
and clinics and not only in laboratories. 
The next chapters describe some contributions of this work looking for better 
techniques and uses of inertial sensors towards its full implementation as a diagnostic tool. 
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Chapter 4: Postural sway assessment 
4.1 Introduction 
This chapter describes a method for postural sway measurement using 
acceleration signals in the low back. Furthermore, it also describes a method for 
processing of the signal before to calculate 16 indexes to compare between elderly and 
young subjects.  
As mentioned in chapter one, human balance is a very complex task which is 
incremented in complexity by internal and external disturbances or movements desired or 
undesired. One of the simplest ways to evaluate the motor control is under postural 
standing and measuring the stability. By assessing postural balance, one can evaluate the 
effects of age on stability [71-75], neurological disorders such as Parkinson’s disease 
[40], [76-78] poisons [42], overweight [79], [43], Down’s syndrome [80], diabetes [81], 
athletic skill levels [82], gender [41], possible fallers [83] and osteoporotic fracture [84]. 
The majority of studies evaluating postural balance have used force platforms as a tool to 
detect the centre of pressure (CoP), which is related to the centre of mass, the variable to 
be controlled [1]. This system has proven its efficacy but has the disadvantage of being 
bulky, expensive and limited in the volume of measure, which is determined by platform 
size, usually a few square centimetres.  
In the 1959, accelerometry was suggested as a tool to evaluate postural balance, 
but only recently, with advances in electronics and modern sensors, this technique is 
being explored not only for postural balance but for gait analysis as well. Some 
advantages of accelerometry are low cost, low power, portability and unobtrusivity, 
allowing one to obtain measurements in real environments [49], [64] rather than 
laboratories. Some researchers have used accelerometers to evaluate postural balance 
with different purposes and some have proposed new measures [82]. However, no clearly 
defined procedure for signal processing has emerged, and the frequency ranges for the 
analysis of acceleration signals, which should be calculated, and the attachment place for 
the sensor has not been determined. Table 6 shows some of the studies that have used 
accelerometers to evaluate postural balance, the type of sensor fixation, frequency ranges 
used and the measures employed to obtain results. 
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Table 6. Some studies using accelerometers for evaluating postural sway under open and closed eyes conditions. 
Year Author Trial 
time  
Sensor position 
(fixation 
method) 
Axes Sensor 
Size [mm] 
Mass Motivation 
of study 
Frequency 
range [Hz] 
Measures 
1998 Kamen [85] 20 s S2 
(Tape) 
 
1 15x15xNA 1.4 g Dynamic balance and postural sway 
assessment 
 
0.01~20 RMS 
Median power frequency  
1998 Moe-Nilssen 
[86] 
30 s 
 
L3 
(Belt) 
3 
 
NA 30 g Check repeatability of acceleration over 
lumbar spine during walking and standing 
 
0~55 RMS 
2002 Moe-Nilssen 
[87] 
 
30 s L3 
(belt) 
3 NA 20 g Differentiate between young and elderly 
through several processing of the signal 
0~55 
0.016~55 
0.5~55 
RMS 
2002 Mayagoitia 
[88] 
30 s Low 
Back 
(belt) 
3 8 x 4 x 2 NA Determine the ability of accelerometer to 
evaluate the standing balance. Comparison 
between acc and force platform 
0~5 Mean speed, mean radius, mean frequency, 
Displacement AP, ML. (The displacement was 
computed from acceleration) 
2004 Bonnet  [89] NA Sternum 
(belt) 
3 15 x 15 x 
15 
NA Test the behaviour of the device measuring 
acceleration under several tasks 
 
NA Visual graphs 
2004 Yukinobu 
[90] 
60 s Head 3 53 x 86 x 
16 
100g Comparison of postural sway evaluation using 
accelerometers and stabilometers 
 
0~2.5 Resultants and averages of acceleration 
2008 Lamoth [82] 30 s L3  
(belt) 
3 
 
65 mm3  NA Differences for athletic skills. 
 
0.016~20 Hz 
 
RMS Mean power frequency 
SEn (Sample entropy), α (Scaling exponent), 
maxλ (Largest Lyapunov exponent) 
 
2009 O’Sullivan 
[91] 
30 s L3 
(tape) 
3 53 x 35 x 7 15g Determine correlation of accelerometry with 
standard clinical test BBS and TUG 
 
NA RMS 
2009 Palmerini 
[92]* 
30 s L5 
 (belt) 
3 84 x 50 x 8 44.5g Evaluation of two methods to eliminate the 
tremor in sway analysis. 
 
0~3.5 Centroidal frequency, jerk (m2/s2) 
2009 Turcot [81] 60 s L5-S1 
(belt) 
 
3 
 
NA NA Evaluate postural balance in diabetic patients 
with and without neuropathy 
NA 
 
Range, RMS 
*Only this study did not include closed eyes (CE) trial. 
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This study presents a list of 16 parameters used to evaluate postural balance. 
These 16 parameters were applied to the three axes of acceleration and combinations of 
these axes, such as the resultant acceleration vector (RV), resulting in 59 sub-parameters.  
The chosen parameter calculations are widely known because they are typically applied 
to CoP signals. In this study, we applied the same computational procedure but for trunk 
accelerometry signals. The purposes of the study were to detect possible sources of 
unwanted variability that could affect the results using accelerometers on the trunk for 
evaluating postural balance and to evaluate the sensitivity of several parameters to detect 
changes in postural stability by age (elderly and young) and under two conditions (open 
and closed eyes). 
4.2 Methods 
4.2.1 Subjects 
Postural sway was evaluated in 27 healthy subjects, including 16 elderly (age, 
69.3 ± 3.6 years; weight, 62.1 ± 8.49 kg; and height, 164.68 ± 9.0 cm) recruited from 
people living in the community, and 11 young (age, 23.6 ± 2.2 years; weight, 61.6 ± 8.92 
kg; and height, 169.8 ± 7.4 cm) subjects recruited mainly from Chiba University students. 
All participants were asked to avoid drinking coffee or alcoholic drinks at least 12 hours 
before the test. This was due to the fact that these substances could affect the motor 
control system, including the equilibrium [80], [93]. All participants reported sleeping 
between 6 and 8 hours every day and exercised at least once weekly; only two were 
smokers. None of the subjects had taken drugs for pain or flu at least 12 hours prior to the 
test. Before the test, the subjects were informed of the purposes and conditions of the test 
and were asked to sign a consent form developed by the ethics committee of Chiba 
University. 
 
 
4.2.2 Instrumentation 
An inertial wireless module (IWM) was developed and constructed in our 
laboratory at Chiba University. The IWM consisted of a three-dimensional (3-D) 
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accelerometer (MMA7260Q; Freescale Semiconductor, Inc., Austin, TX, USA) and a 3-
D angular velocity sensor composed of two single axis sensors ENC-03RC (Murata 
Manufacturing Co., Ltd., Tokyo, Japan) and one single axis sensors X3500  (Epson, 
Tokyo, Japan) mounted orthogonally. Figure 21 shows the electronic circuits of the 
device. The IWM had a sensitivity of 800 mV/g with a measurement range of ±1.5 g and 
a frequency response from DC to 28 Hz for the accelerometer. Angular velocity 
measurements were not considered in this study. The IWM used a digital signal controller 
(DSC) dsPIC30F3012 (Microchip Technology, Inc., Chandler, AZ, USA) running at 5 
MIPS to sample the accelerometry data at 100 Hz using a 12-bit ADC module. The DSC 
sent the digitised information through Bluetooth using a ZEAL-S01 module (ADC 
Technology, Inc., Tokyo, Japan), and the data were received by a computer running an ad 
hoc programme created with Visual Basic 2005 (Microsoft, Redmond, WA, USA). The 
programme included an algorithm for detecting data losses, which ensures the reliability 
of data transmission. The IWM was a box 58 × 30 × 55 mm in size and 93 g, with a 
battery included, and it was able to collect data continuously for more than 8.5 hours. The 
root-mean-square (RMS) noise amplitude measured during 100 minutes (600 k samples) 
with the sensor in a static position was  640 µg for all axes. The IWM had a measurement 
drift of 8.33 µg/s during the first 100 minutes of data collection and becomes stable after 
that time. 
 
Figure 21  Main parts of the inertial wireless module outside of the case. 
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4.2.3 Procedure 
The IWM was attached to the low back near the L3 vertebrae using an adjustable 
belt. The test consisted of two conditions. First, the subject was asked to stand upright, 
barefoot on the firm floor with feet no more than shoulder width apart, with arms at the 
sides and staring at a mark on the wall, 3 metres in front of the subject. Figure 22 shows 
the position of the subjects during the measurements. The subjects were asked to 
maintain this position as still as possible for 40 seconds. After the first condition, the 
subjects sat down for 1 minute and then repeated the same position but this time closing 
their eyes for 40 seconds. After that, the subjects sat again for 1 minute. This procedure 
was repeated four times for each subject. 
 
Figure 22  Measurement procedure. Same position under open closed and open. The arrows indicate 
the direction of the movement measured. ML stands for Mediolateral axis,  AP stands for 
Anteroposterior axis and V stands for vertical axis. 
 
4.3 Signal processing 
All data were analyzed off-line using MATLAB 7 (R14) (MathWorks, Natick, 
MA, USA). The first step prior to using the accelerometry signals is to determine the 
frequency range for analysis and to determine how to minimize possible unwanted 
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sources of signal variability. The frequency range analysis of postural sway is not well-
defined, even for stabilometry. Some researchers have used ranges from 0.02 Hz to 10 Hz 
[94-96] while others applied ranges from 0 Hz or 0.1 Hz to 5 Hz [72] or even more 
narrow ranges from 0 Hz to 2 Hz [42] or 0 Hz to 1 Hz [97]. Table 6 summarizes the 
frequency ranges used in accelerometry studies. Table 7 resumes the main characteristics 
of the sensors employed in previous studies. 
 
Table 7 Sensor characteristics employed in the postural sway evaluation 
Year Author Sensor type Noise 
 
Sensor 
resolution 
Sensitivity Sampling 
Rate [Hz] 
Accelerations Reported 
AP-RMS (CE) [mg] 
2010 This study MMA7260Q Cap. 4.7mVrms 1 mg 800 mV/g 100 HZ 5.31 ± 1.32 
2009 Turcot [81] ADXL202 Cap. 6.7 mVrms 5 mg 100 mV/g 200 Hz 7 ± 2 
2009 Palmerini [92] Dynaport Cap. NA 1 mg NA 100 Hz NA 
2009 O’Sullivan [91] ActivPal Trio Cap. NA 4 mg NA 20 Hz NA 
2008 Lamoth [82] Dynaport Cap. NA 1 mg NA 100 Hz 22 ± 2 
2004 Yukinobu [90] ActiveTracer NA NA 2 mg NA 5 Hz NA 
2004 Bonnet [89] Maxicube NA NA NA NA 150 Hz NA 
2002 Moe-Nilssen [87] Logger Tech. NA NA NA NA 128 Hz NA 
2002 Mayagoitia [88] Ad hoc Cap. NA 1 mg 600 mV/g 50 Hz NA 
1998 Moe-Nilssen [98] Logger Tech. Pzres. NA NA NA 128 Hz 7 ± 2 
1998 Kamen [85] IC sens. 3021 Pzres. 1 uVpp NA 2.89 mV/g 50 Hz NA 
NA, not available; Cap, capacitive technology; Pzres, piezoresistance technology 
 
Another important characteristic is the possible sources of acceleration variability 
caused by other than the phenomenon being measured. 
4.3.1 Sources of unwanted variability 
1) Constant gravity component: Constant acceleration caused by the Earth’s 
gravitational force, which changes depending on sensor tilt.  
2) A gravity component linked with slow body sway: A slow change in acceleration 
possibly due to slow body readjustment or postural tilt. Some researchers have 
suggested that the low body sway at very low frequencies is not of interest as a 
balance control strategy and that higher frequencies are more adequate for balance 
control evaluation [87], [99].   
3) Acceleration caused by visceral movement due to respiration: Because the sensor 
is attached on the low back using a belt, movement synchronized with the 
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respiration rhythm was observed. Due to the closeness of the sensor to the source 
of movement, this movement could affect the results. 
4) Signal-to-9oise ratio (S9R): The accelerometry signal amplitude values reported 
for postural balance evaluations are low compared to the RMS noise of the sensor 
(Table 7); therefore, the SNR was low and noise could affect the mean average 
values, particularly the power spectrum and total acceleration length. 
The first two sources have been described by Moe-Nilssen et al. [87], who proposed a 
trigonometry-based algorithm to minimize the constant gravity component and a curve 
fitting adjustment to minimize the slow body sway component. The trigonometric 
algorithm proposed by Moe-Nilssen is based on the assumption that the constant gravity 
component remains constant during the test. In his algorithm, he approximated the value 
of the average acceleration during the test to represent the sine tilt angle of the sensor. 
Using this angle, he calculated the “true” acceleration in all the axes using basic 
trigonometric formulas. This method was first proposed for use during gait analysis 
where the changes in acceleration due to the tilt of the sensor are small compared with the 
acceleration due to the gait. However, for use during standing posture, where the 
acceleration amplitudes are smaller, and the tilt of the sensor is more constant, a simple 
subtraction of the average acceleration is good enough to minimize the gravity 
component.  Thus, avoiding the use of more complex computations, which is a big 
advantage if the process is running in portable devices controlled by small 
microcontrollers. 
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Figure 23 Steps for signal pre-processing. Column on the right shows acceleration while column on 
the left shows the power spectrums of the signal. a) Raw signals, b) Mean acceleration subtraction. c) 
High-pass filtered at 0.3 Hz. d) Savitzky-Golay smoothing filter. Red signal is the AP acceleration, 
green, the ML acceleration and blue, the vertical acceleration.  
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We eliminated the gravity component by subtracting the signal mean, which is 
simpler than performing trigonometric computations and is good for postural balance 
assessment purposes based on current evidence. The second and third sources of 
variability were minimized by high-pass filtering the signals at 0.3 Hz. The maximum 
normal respiration frequency for adults was considered to be 18 breaths per minute (0.3 
Hz). The filter was a zero-phase Butterworth high-pass filter (filtfilt function in 
MATLAB). This filtering was useful for eliminating sensor drift as well. Noise was 
minimized using a third-order Savitzky–Golay smoothing filter with frames of 41 points. 
This type of smoothing reduces noise [100], while preserving several features of the 
signal such as maximums, minimums and widths of the signals better than other filtering 
techniques [101]. Signal processing is illustrated in Fig. 23. After processing to minimize 
the unwanted sources of variability, the 16 parameters were calculated to identify 
differences between the elderly and young groups and between the closed and open-eye 
conditions.  
4.3.2 Time domain parameters 
This section provides the formulas used to compute the different parameters 
considered and, to compare postural balance between age groups and between conditions. 
“N” represents the number of acceleration samples used for each calculation, in this case, 
3000.  
4.3.2.1 Average acceleration magnitude (AAM) 
This parameter was computed for each axis using Equation 5, [72] and for the 
resultant acceleration as well using Equation 6. 
∑
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Where, X in Equation 5 represents the ML, AP or V axis depending on which axis 
is being evaluated (See figure 22). 
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4.3.2.2 RMS acceleration (RMSA) 
It is a measurement of the varying signal magnitude, which provides a better 
estimate of the “effective” acceleration value as defined by  Prieto et al. [72] and 
McClenaghan [102]. Equation 7 was used for the RMS calculation of the resultant 
acceleration. 
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9
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    Equation 7 
Equation 8 was used to calculate the RMS value of acceleration in a single axis. 
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4.3.2.3 Range (R) 
It is the maximum distance between any two points in the accelerometry signal, 
which estimates how large the acceleration was at a given moment [72]. It was calculated 
for all axes (ML, AP and V) and for all planes composed by these axes (ML–AP, ML–V 
and AP–V). Equation 9 was used to calculate the maximum range for a single signal. And 
Figure 24  depicts the method to estimate the range of a single signal.  
 
)min()max( XXRangeX −=     Equation 9 
Where, X is the signal under analysis.  
 
Figure 24.  Calculating the range of a single signal. Red circles indicate the maximum and minimum 
points at any given time. 
 
In order to estimate the maximum range of acceleration in a given plane made up 
of two single signals, for example ML-AP, it was used a little more complex approach 
which is described with the help of Figure 25.  
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The first step was to divide the plot of acceleration in four quadrants. Then, the 
farthest point was calculated using Equation 10 for each point in each quadrant.   
22
iii APMLR +=       Equation 10 
 
The distance between any of those four maximum points per quadrant was 
calculated and successive comparisons between those distances were performed to 
determine the maximum distance between any of those points. 
 
Figure 25 “Spaghetti” plot for the acceleration sway path ML (abscissas) and AP (ordinates). Circles 
show the maximum resultant from the center to any point of the plot for each quadrant. Red line 
shows the maximum distance between two points of the plot. 
 
This process was performed for each plane ML-AP, ML-V and AP-V for each trial 
for all the subjects. 
4.3.2.4 Average jerk (AJ) 
The average jerk is the rate of change in acceleration, which is the derivative of 
acceleration with respect to time and is a measure of vibration. It has units [g/s] or [m·s
−3
] 
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and was calculated for all single axes using the Equation 11, and Equation 12 for the ML-
AP plane [72]. 
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where, t is the time for each trial, (30 seconds). 
4.3.2.5 Confidence circle area (AREA_CC) 
This measure is calculated as the area of a circle which encloses all points in the 
horizontal plane (ML–AP) of the acceleration path with 95% confidence and was 
calculated following the formula proposed by Prieto el al. [72].  
( )RSzAAMCCAREA •+•= 5.0_ π       Equation 13 
Where: 
22
RRR AAMRMSAS −=        Equation 14 
Z0.5 is the z statistic value at the 95% confidence level, which is 1.645. 
4.3.2.6 Confidence ellipse area (AREA_CE)  
This measure is calculated following the same procedure that for the AREA_CC 
but based on the area of an ellipse enclosing all points of the ML–AP plane acceleration 
path with 95% confidence. A formula to compute this parameter, Equation 15 was used 
by Prieto et al. [72]. To use this formula it is assumed that the sample size is large enough 
so that (9 – 1)/(9 – 2) ≈ 1. Where, N is the number of samples. 
( )222]2,2[05.02_ MLAPMLAPn SSSFCEAREA −− −= π     Equation 15 
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In the formula above,  F0.05[2,n-2] is 3.00 for a large number of samples, 9 (9 > 
120) and SAP and SML are the standard deviations of the AP and ML vectors, respectively. 
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4.3.2.7 Sway area (SWAY_AREA) 
The sway area parameter approximates the area enclosed by the acceleration path 
in the ML–AP plane. The method here proposed is based on the method proposed by 
Hufschmidt et al. [76]. The procedure to calculate the parameter is based on Figure 26. 
The ML–AP path diagram is divided into m segments of θ degrees each. The greatest 
resultants, ri, per segment are determined and used to calculate the estimated area.  
 
Figure 26 Estimation of the envelope area of the postural sway using acceleration signals.  
 
Equation 17 is used for the estimation of the sway area. The area of every 
segment Si is calculated using Equation 18.  
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Where 
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For this study, 72 segments were used, it means, m = 72 and θ = 5º were applied 
to calculate the sway area. These values were found good enough to enclose the area 
without using many segments thus saving computing time. 
4.3.2.8 Mean frequency (MF) 
The mean frequency was defined by Hufschmidt et al. [76] as the frequency of 
circular motion with a radius equal to the mean amplitude and total length identical to the 
sway path. Equation 19 was used by Prieto et al. [72] and McClenaghan [102] to estimate 
the sway. 
AAM
jerk
MF
•
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π2
      Equation 19 
 
MF was computed for each axis and for the resultant as well, jerk was defined by 
equation 11 and 12. AAM was defined by equation 5 and 6. 
4.3.2.9 Fractal dimension (FD) 
It is a unitless value that indicates how completely a fractal appears to fill space. 
The fractal dimension was proposed by Katz et al. [103] as a practical method to classify 
and compare planar curves composed of connected line segments. This method was 
adopted by Prieto et al. [72] to analyze stabilometry. The FD index originally described 
by Katz et al. [103] is given by Equation 20. 
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Where d is the maximum distance between any two points, as calculated before, 
subsection 3.3.2.3, (Range). 
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4.3.2.10 Fractal dimension CC  (FD_CC) 
It is based on the computation of the confidence circle as estimated using equation 
13 and 14. It models the area of the acceleration plot with a circle that includes 
approximately 95% of the points on the acceleration path [72]. 
To compute the FD_CC, the d value in Equation 20 is substituted with a new 
value given by Equation 22. This results in the Equation 23 and 24, used in this study. 
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4.3.2.11 Fractal dimension CE 
It represents the fractal dimension based on the 95% confidence ellipse area. In 
this measure, the d value in Equation 20 is substituted for by the value given in Equation 
25. 
222
]2,2[05.02_ MLAPMLAPn SSSFced −− −⋅⋅= π      Equation 25 
4.3.3 Frequency domain parameters 
The frequency domain parameters are derived from the power spectral density of 
the AP, ML, V and RV vectors. Some parameter suggested by Williams et al. [74] and 
the calculation methods described by Prieto et al. [72] were applied to the accelerometry 
signals in this work. To compare the values obtained from the CoP signals described in 
previous work, the same preprocessing procedure was conducted but applied to the 
accelerometry signals. The power spectrum values were computed using the MultiTaper 
method, which enables computation of the spectrum and reduces statistical instabilities 
such as greater variance, leakage and lower resolution that may accompany the 
overlapping segment methods [104], [105]. The MultiTaper method was applied using 
eight tapers (MATLAB function pmtm), with a resolution frequency of 24.4 mHz. Only 
the spectrum between 0.1 Hz and 5 Hz was used for subsequent analyses. 
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Therefore, for all sums below the starting value of the index i is 0.1Hz/24.4mHz ≈ 
5 and the final value f is: f = 5Hz/24.4mHz ≈ 205.  
Spectral moments: Spectral moments retrieve information directly from the 
spectrum of the signal. They have the advantage of being insensitivity to changes in the 
phase of the signal. Spectral moments are especially useful when the overall shape is 
important and not the fine structure of the original spectrum itself [106].    
Spectral moments are used for several parameters described later on in this 
section and they are defined by Equation 26 [72]. 
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∆f is the resolution in frequency (24.4 mHz) and SP is the value of the power 
spectrum at that frequency and represents the power spectrum series of the ML, AP, V or 
RV vectors depending on which axis is being evaluated. 
4.3.3.1 Total power [TP] 
The zero-order spectral moment is basically the average of the values in the 
interval of frequencies considered, in this case 0.1 Hz to 5 Hz. It is proportional to the 
mean energy and is basically the average of the values in the interval [106].  Prieto et al. 
[72] considered the moment zero as the equivalent to the total power.  
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4.3.3.2 Median power frequency (50POW) 
It is the frequency value at which the power is 50% of the total [72], [102]. It can 
be calculated using Equation 28. 
o
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        Equation 28 
4.3.3.3 95% power frequency (95POW) 
It is the minimum frequency value at which the sum of power reaches 95% of the 
total [72]. Equation 29 was used to calculate this parameter. 
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4.3.3.4 Centroidal frequency (CF) 
The centroidal frequency, also known as the spectral centroid, zero crossing 
frequency or mean rate of zero crossing, is a parameter used to characterise a spectrum by 
indicating the “centre of mass” of the spectrum [49], [72], [102]. 
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4.3.3.5 Frequency dispersion (FQD) 
It is a dimensionless parameter of the power spectrum frequency content 
variability [102], [72]  and it is defined by Equation 32. 
20
2
11
µµ
µ
−=FREQD        Equation 32 
The Frequency dispersion is zero for a pure sinusoid and increases with spectral 
bandwith to a maximum of one [72]. 
4.3 Statistics 
Statistical calculations were performed using the statistics Toolbox included in 
MATLAB. Student’s t-test was performed to compare the averages measures between the 
elderly and young groups, and also between the OE and CE standing conditions. When 
the test was unpaired, a Fisher–Snedecor F-test was performed to evaluate the equality of 
variances. A Satterthwaite’s approximate t-test was performed for cases of unequal 
variance [107], [108], and p < 0.01 was considered statistically significant, although p < 
0.05 are reported as well for reference. 
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4.5 Results 
These 16 parameters were computed for each axis (ML, AP and V) and for the 
RV as well. Some parameters, such as the area and fractal indexes, were computed by 
planes (ML–AP, ML–V, AP–V). This process produced 59 indexes to compare between 
the two groups. The Romberg index was computed for each parameter. This index is 
widely used in this type of studies for evaluation of equilibrium, provides a numerical 
evaluation of the contribution to the visual system to the postural stabilization. It was 
decided to include it in this study as a reference for another researchers working in this 
area.  The computation of the Romberg index is defined as the ratio between the 
closed/open eyes conditions and can be calculated for any index. The Romberg value is 
usually greater than 1 [109]. 
The average values for each measure for groups and conditions as well as the 
Romberg ratio calculation are shown in Table 8. The elderly group had more measures 
that were different between OE and CE (n = 37) than the young group (n = 25). 
Furthermore, the differences were statistically more significant (10 measures with p < 
0.001 vs. 0 measures with p < 0.001 for the young group). The difference in age was 
better detected under the OE condition than the CE condition (30 measures vs. 18 
measures for CE). The Romberg ratio was generally greater in the young group for the 
time-domain measures (AAM, RMSA, R, AJ and A) and greater for the frequency domain 
measures. The vertical axis detected differences (p < 0.05) for age in the AJ measure, 
whereas the other axes did not detect any differences. Furthermore, the vertical axis 
detected differences in age, CE for 50POW and CF, whereas the other measures were 
unable to detect these differences. These results can be compared with the results 
presented by Prieto et al. [72] who reported a similar list of 36 parameters but used CoP 
signals from a force platform to make a young and elderly steady posture assessment. 
Figure 27 shows the sensitivity for detecting changes in acceleration and CoP signals. 
The number of measures that detected changes with a p < 0.01 was counted, and the 
normalised per cents are represented by columns.  
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Table 8 Average values for all the measures 
  Young (Mean ± SD)  Elderly (Mean ± SD)  Age  Condition 
Parameter  OE  CE  Romberg  OE  CE  Romberg  OE  CE  Y  E 
AAM_ML (mg)  0.99 ± 0.14  1.08 ± 0.17  1.09 ± 0.08  1.06 ± 0.22  1.11 ± 0.23  1.04 ± 0.07      *  ** 
AAM_AP (mg)  1.60 ± 0.36  2.11 ± 0.46  1.32 ± 0.15  2.42 ± 0.69  2.79 ± 0.73  1.17 ± 0.12  ***  *  ***  **** 
AAM_V (mg)  0.74 ± 0.04  0.79 ± 0.10  1.04 ± 0.06  0.80 ± 0.10  0.83 ± 0.07  1.04 ± 0.11      *  * 
AAM_RV (mg)  2.30 ± 0.36  2.79 ± 0.48  1.21 ± 0.09  3.04 ± 0.67  3.41 ± 0.45  1.12 ± 0.71  **  *  ***  **** 
RMSA_ML (mg)  1.26 ± 0.19  1.38 ± 0.23  1.09 ± 0.09  1.35 ± 0.28  1.41 ± 0.32  1.04 ± 0.07      *  ** 
RMSA_AP (mg)  2.04 ± 0.45  2.70 ± 0.58  1.33 ± 0.16  3.03 ± 0.86  3.51 ± 0.91  1.17 ± 0.13  ***  *  ***  **** 
RMSA_V (mg)  0.97 ± 0.01  1.02 ± 0.13  1.05 ± 0.07  1.02 ± 0.13  1.06 ± 0.14  1.04 ± 0.06      *   
RMSA_RV (mg)  2.60 ± 0.43  3.21 ± 0.58  1.23 ± 0.10  3.50 ± 0.81  3.95 ± 0.87  1.14 ± 0.10  **  *  ***  **** 
R_ML-AP (mg)  14.8 ± 3.17  18.5 ± 3.85  1.26 ± 0.17  19.7 ± 6.03  22.6 ± 5.66  1.17 ± 0.20  *  *  *  *** 
R_ML-V (mg)  10.2 ± 2.03  11.7 ± 2.50  1.15 ± 0.15  10.4 ± 2.31  10.5 ± 2.51  1.00 ± 0.09        ** 
R_AP-V (mg)  14.4 ± 2.86  18.7 ± 3.99  1.30 ± 0.18  19.5 ± 5.98  22.4 ± 5.77  1.19 ± 0.22  **    *  *** 
R_ML (mg)  8.61 ± 1.66  9.71 ± 2.08  1.13 ± 0.15  9.01 ± 2.15  9.16 ± 2.48  1.01 ± 0.08        * 
R_AP (mg)  13.3 ± 2.96  17.3 ± 3.72  1.30 ± 0.16  18.4 ± 5.42  21.0 ± 5.09  1.17 ± 0.19  **    **  *** 
R_V (mg)  7.12 ± 1.29  7.84 ± 1.65  1.11 ± 0.17  6.99 ± 0.93  7.31 ± 1.11  1.05 ± 0.13         
R_M (mg)  8.26 ± 1.69  10.4 ± 2.27  1.27 ± 0.19  11.0 ± 3.59  12.3 ± 2.96  1.16 ± 0.22  *      ** 
AJ_ML (mg/s)  15.8 ± 2.45  16.2 ± 2.34  1.03 ± 0.04  14.8 ± 1.15  15.1 ± 1.44  1.02 ± 0.03      *  * 
AJ_AP (mg/s)  17.4 ± 1.47  18.9 ± 1.76  1.09 ± 0.06  18.1 ± 2.12  19.6 ± 2.49  1.09 ± 0.08      ***  *** 
AJ_V (mg/s)  15.6 ± 2.24  15.9 ± 2.26  1.02 ± 0.05  14.0 ± 0.89  14.3 ± 0.93  1.03 ± 0.03  *  *  **   
AJ_RV (mg/s)  16.6 ± 1.85  17.9 ± 1.84  1.08 ± 0.05  16.9 ± 1.70  18.1 ± 2.06  1.07 ± 0.06      ***  *** 
AJ_ML-AP (mg/s)  26.1 ± 2.88  27.7 ± 2.80  1.06 ± 0.05  25.9 ± 2.33  27.4 ± 2.71  1.06 ± 0.05      ***  ** 
A_CC_ML-AP (µg2)  55.2 ± 22.8  90.4 ± 36.9  1.65 ± 0.33  111 ± 55.1  144 ± 69.6  1.34 ± 0.28  **  *  **  *** 
A_CE_ML-AP (µg2)  48.6 ± 14.8  71.2 ± 24.5  1.46 ± 0.22  72.6 ± 32.8  93.0 ± 38.1  1.24 ± 0.19  **    ***  *** 
A_SW_ML-AP(µg2)  60.9 ± 17.9  86.4 ± 2.83  1.42 ± 0.21  86.3 ± 34.0  104 ± 38.5  1.24 ± 0.25  *    **  *** 
A_SW_ML-V (µg2)  30.2 ± 9.32  36.7 ± 10.4  1.16 ± 0.16  32.3 ± 7.03  34.4 ± 10.3  1.06 ± 0.15        * 
A_SW_AP-V (µg2)  48.2 ± 13.6  69.1 ± 24.5  1.42 ± 0.24  64.8 ± 20.1  76.4 ± 24.2  1.20 ± 0.23  *    **  *** 
MF_ML (Hz)  2.84 ± 0.33  2.70 ± 0.31  0.95 ± 0.06  2.54 ± 0.33  2.48 ± 0.29  0.98 ± 0.05  *      * 
MF_AP (Hz)  1.99 ± 0.29  1.64 ± 0.22  0.83 ± 0.08  1.42 ± 0.32  1.31 ± 0.23  0.94 ± 0.09  ****  ***  **  **** 
MF_V (Hz)  3.65 ± 0.32  3.56 ± 0.28  0.98 ± 0.05  3.13 ± 0.32  3.09 ± 0.35  0.99 ± 0.06  ***  **     
MF_RV (Hz)  1.30 ± 0.15  1.16 ± 0.13  0.89 ± 0.06  1.02 ± 0.16  0.97 ± 0.12  0.96 ± 0.06  ****  ***  **  *** 
MF_ML-AP (Hz)  2.05 ± 0.27  1.76 ± 0.22  0.86 ± 0.06  1.53 ± 0.30  1.42 ± 0.23  0.93 ± 0.07  ****  ***  ***  **** 
FD_ML-AP  2.01 ± 0.07  1.92 ± 0.07  0.96 ± 0.02  1.18 ± 0.11  1.84 ± 0.08  0.98 ± 0.03  **  *  **  **** 
FD_ML-V  2.17 ± 0.08  2.12 ± 0.09  0.98 ± 0.03  2.11 ± 0.08  2.12 ± 0.09  1.00 ± 0.02        * 
FD_AP-V  2.02 ± 0.08  1.92 ± 0.08  0.95 ± 0.03  1.87 ± 0.11  1.83 ± 0.08  0.98 ± 0.03  **  *  **  *** 
FD_CC_ML-AP  2.34 ± 0.10  2.22 ± 0.09  0.95 ± 0.02  2.14 ± 0.12  2.09 ± 0.10  0.98 ± 0.02  ***  **  ***  **** 
FD_CC_ML-V  2.60 ± 0.08  2.56 ± 0.09  0.98 ± 0.02  2.49 ± 0.09  2.48 ± 0.09  0.99 ± 0.01  **  *    ** 
FD_CC_AP-V  2.37 ± 0.11  2.24 ± 0.09  0.95 ± 0.02  2.15 ± 0.13  2.09 ± 0.11  0.98 ± 0.02  ***  **  ***  **** 
FD_CE_ML-AP  2.37 ± 0.08  2.28 ± 0.07  0.97 ± 0.02  2.23 ± 0.08  2.20 ± 0.07  0.99 ± 0.01  ***  **  **  **** 
FD_CE_ML-V  2.60 ± 0.08  2.57 ± 0.08  0.99 ± 0.01  2.50 ± 0.07  2.48 ± 0.07  0.99 ± 0.01  **  **    ** 
FD_CE_AP-V  2.46 ± 0.08  2.38 ± 0.07  0.97 ± 0.02  2.31 ± 0.07  2.30 ± 0.06  0.99 ± 0.02  ****  **    *** 
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Table 8 – Continued… 
  Young (Mean ± SD)  Elderly (Mean ± SD)  Age  Condition 
Parameter  OE  CE  Romberg  OE  CE  Romberg  OE  CE  Y  E 
TP_ML (µ)  62.4 ± 17.6  73.9 ± 24.3  1.19 ± 0.22  74.2 ± 34.4  82.4 ± 47.9  1.10 ± 0.19        * 
TP_AP (µ)  169 ± 90.5  301 ± 140  1.85 ± 0.49  399 ± 220  532 ± 279  1.40 ± 0.28  **  **  **  *** 
TP_V (µ)  32.8 ± 5.28  37.3 ± 9.95  1.12 ± 0.13  39.2 ± 11.6  42.9 ± 13.2  1.09 ± 0.13      *  * 
TP_RV (µ)  98.5 ± 39.0  158 ± 65.6  1.61 ± 0.30  200 ± 98.5  260 ± 128  1.33 ± 0.24  **  *  ***  *** 
50POW_ML (Hz)  1.21 ± 0.18  1.13 ± 0.14  0.95 ± 0.11  1.09 ± 0.21  1.10 ± 0.21  1.01 ± 0.09         
50POW_AP (Hz)  0.66 ± 0.06  0.58 ± 0.05  0.88 ± 0.07  0.57 ± 0.09  0.59 ± 0.11  1.04 ± 0.13  **      *** 
50POW_V (Hz)  1.58 ± 0.17  1.65 ± 0.10  1.06 ± 0.08  1.32 ± 0.26  1.34 ± 0.26  1.03 ± 0.11  **  ***     
50POW_RV ( Hz)  0.21 ± 0.04  0.24 ± 0.05  1.15 ± 0.22  0.24 ± 0.05  0.26 ± 0.06  1.10 ± 0.13      **  * 
95POW_ML (Hz)  2.95 ± 0.14  2.90 ± 0.20  0.98 ± 0.04  2.77 ± 0.22  2.57 ± 0.22  0.99 ± 0.02  *       
95POW_AP (Hz)  2.45 ± 0.26  2.21 ± 0.24  0.90 ± 0.07  1.92 ± 0.31  1.87 ± 0.28  0.98 ± 0.07  ****  **    ** 
95POW_V (Hz)  3.22 ± 0.10  3.20 ± 0.08  1.00 ± 0.02  3.03 ± 0.12  3.03 ± 0.19  1.00 ± 0.04  ***  **     
95POW_RV (Hz)  3.04 ± 0.25  2.82 ± 0.27  0.93 ± 0.07  2.53 ± 0.36  2.49 ± 0.31  0.99 ± 0.06  ***  **    ** 
CF_ML (Hz)  1.63 ± 0.13  1.58 ± 0.15  0.97 ± 0.06  1.48 ± 0.15  1.46 ± 0.14  0.99 ± 0.04  *  *     
CF_AP (Hz)  1.18 ± 0.13  1.04 ± 0.10  0.89 ± 0.06  0.94 ± 0.14  0.93 ± 0.13  1.00 ± 0.08  ***  *    *** 
CF_V (Hz)  1.90 ± 0.10  1.93 ± 0.09  1.02 ± 0.03  1.70 ± 0.16  1.71 ± 0.18  1.00 ± 0.06  **  ***     
CF_RV (Hz)  0.97 ± 0.06  0.92 ± 0.06  0.95 ± 0.05  0.85 ± 0.09  0.85 ± 0.08  1.00 ± 0.05  ***  *    ** 
FQD_ML  0.52 ± 0.03  0.53 ± 0.02  1.02 ± 0.04  0.53 ± 0.04  0.52 ± 0.05  0.99 ± 0.04         
FQD_AP  0.61 ± 0.02  0.62 ± 0.03  1.01 ± 0.04  0.60 ± 0.04  0.57 ± 0.04  0.96 ± 0.05    **  *   
FQD_V  0.47 ± 0.03  0.46 ± 0.02  0.97 ± 0.03  0.51 ± 0.05  0.50 ± 0.05  0.99 ± 0.05    **    ** 
FQD_RV  0.78 ± 0.01  0.77 ± 0.01  0.99 ± 0.01  0.76 ± 0.02  0.75 ± 0.02  0.99 ± 0.01  *  **  **  * 
* p < 0.05; ** p< 0.01; *** p <0.001; **** p < 0.0001. 
Notes: ML, mediolateral; AP, anteroposterior; V, vertical; RV, resultant vector; OE, open eyes; OC, closed eyes; Y, young group; E, elderly group; AAM, 
average acceleration magnitude; RMSA, root-mean-square of acceleration; R, range; AJ, acceleration jerk; A_CC, 95% circle area; A_CE, 95% ellipse area; 
A_SW, sway area; MF, mean frequency; FD, fractal dimension; FD_CC, fractal dimension based on 95% of the circled area; FD_CE, fractal dimension based 
on 95% of the ellipse area; TP, total power spectrum; 50POW, frequency at 50% of TP; 95POW, frequency at 50% of TP; CF, centroidal frequency; FQD, 
frequency dispersion. 
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From Figure 27, the accelerometry signals had better sensitivity to detect changes 
between conditions for both groups and to detect changes by age with open eyes. 
However, CoP signals had better sensitivity to detect changes by age with eyes closed. 
This advantage of the CoP was provided by the mean velocity measure in the CoP, and 
the acceleration jerk was unable to detect any change for age with CE, whereas AP and 
RV detected changes with a p < 0.0001. 
 
 
Figure 27 Comparison of the sensitivity between the results published by Prieto et al [72] using center 
of pressure measured with a force platform and, the results of this study using accelerometry signals 
to detect changes between age (elderly and young) groups and between conditions (open and closed 
eyes). The shaded columns represent the accelerometer per cent of measures that detected changes (n 
= 59), whereas plain columns represent the CoP percent of the measures that detected changes (n = 
36)  
 Figure 27 clearly shows advantages of accelerometry over CoP measurements. 
But it does not show which parameters are better to detect differences between groups 
and conditions. In Figure 28 is graphed the statistic significance accumulated for each 
parameter. For example, the frequency dispersion parameter evaluated for the resultant 
vector (FREQD_RV) was unable to detect significant difference comparing groups by 
age or condition using the CoP. But accelerometry detected difference at least for one of 
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those comparisons. By looking at the Table 8 is possible to corroborate that 
accelerometry found differences for all conditions with different level of confidence. 
Note. Only significances higher that 95% were added, otherwise the significance was 
taken as 0.  
 
Figure 28 Statistic significance accumulated by adding the significance of the four possible 
combinations of data (OE, CE, Young and Elderly).  The red line indicates the minimum p-value 
considered as statistically significant (p<0.005), below that line is considered not significant thus, 
indicates that the indexes with values below that line were not able to detect differences for any 
condition. This graph only shows indexes evaluated using ML AP and RV.  
 
 It is possible then, to observe that is accelerometry superior to detect differences 
using the AAM (average acceleration magnitude) compared to the results applying the 
same formula to CoP displacement signals.  It is worthy to note that some parameters are 
unable to detect differences for any combination such as the TP_ML or the FREQD_ML 
which accumulated static significance was lower than 95%. 
Using only the ML and AP axes is possible to note that accelerometry has a 
behavior similar but better that than CoP displacement signals. The correlation between 
two methods is showed in the graph of the Figure 28. 
 However, using 3D accelerometers provided 23 more indexes in this study. From 
these 23 indexes 14 detected differences for between groups for the OE condition, 13 for 
the CE, 11 for the Young groups between conditions and 16 for elderly. The Table 9 
shows the indexes related to the vertical axis which detected differences between groups 
and conditions  
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Table 9 Indexes related to the vertical axis and some combitnation of indexes not considered in 
previous studies that detected differences between groups and conditions. 
OE (Young vs Elderly)   CE (Elderly vs Young)   
MF_ML-AP  **** MF_ ML-AP  **** 
FD_CE_AP-V  **** CF_V   *** 
95POW_V *** 50POW_V  *** 
FD_CC_AP-V *** MF_V  ** 
MF_V *** 95POW_V  ** 
R_AP_V ** FD_CE_ML-V  ** 
FD_AP-V  ** FD_CE_AP-V ** 
FD_CC_ML-V  ** FD_CC_AP-V  ** 
FD_CE_ ML-V ** FD_AP-V  * 
50POW_V ** AJ_V  * 
CF_V  ** R_ML-AP  * 
AJ_V  * FD_CC_ML-V * 
A_SWTR_AP-V  *     
R_ML_AP *     
    
Total of useful indexes  14 Total of useful indexes  13 
Young (OE vs CE)   Elderly (OE vs CE)   
AJ_ML-AP *** MF_ML-AP **** 
MF_ML-AP  *** FD_CC AP-V **** 
FD_CC AP-V  *** R_AP-V *** 
AJ_V ** R_ML_AP *** 
A_SWTR_AP-V ** A_SWTR_AP-V  *** 
FD_AP-V  ** FD_AP-V  *** 
TP_V * FD_CE AP-V  *** 
AAM_V  * AJ ML-AP ** 
RMSA_V * FD_CC ML-V ** 
R_ML-AP * FREQD V ** 
R_AP-V * R_ML-V  ** 
    FD_CE ML-V ** 
    FD ML-V  * 
    TP_V  * 
    A_SWTR_ML-V * 
    AAM_V * 
 
 Total of useful indexes 11   Total of useful indexes 16 
 
4.6 Discussion 
The objective of this study was to evaluate the sensitivity of accelerometry signals 
on the trunk to distinguish changes in postural balance related to age (elderly vs. young) 
and under changes in visual conditions (OE and CE). Elderly and young subjects were 
chosen because already exist data using force platforms for this type of subjects thence a 
comparison of methods can be performed more directly. Middle age groups could be 
considered in a future study. Measures usually employed for CoP signals were derived 
from accelerometry signals. Sixteen measures were computed for the three axes provided 
by the accelerometer. These axes and some combination of axes (ML–AP, ML–V, AP–V 
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and RV) provided 59 parameters (Table 3) to evaluate the utility of acceleration for 
assessing postural steadiness.     In general, the results using acceleration show similar 
behavior as those reported for CoP signals. The mean average values are also similar, 
although slightly lower, than those reported by Turcot et al. [81] and Moe-Nilssen et al. 
[86]. This reduction in values could have been due to the frequency range analysed. This 
study avoided the range from 0 Hz to 0.3 Hz, where the amplitude of sway is higher. 
Nevertheless, the ability to discriminate between conditions and age was much greater 
than that detected using CoP. These results support those reported by Moe-Nilssen et al. 
[86], who suggested that the higher frequencies of accelerometry signals contain 
discriminative information when studying steady balance. Previous studies using 
accelerometers [49],  [81], [82], [86], [87] have shown good results for discriminating as 
well, but few have reported average values, which could be of interest to compare other 
groups. Furthermore, only a few of the previous studies cited here reported sensor noise 
level and how to deal with it, and therefore, their reported values might be flawed.  
4.7 Conclusions 
Using accelerometry signals to evaluate postural sway in elderly and young 
healthy subjects was effective for detecting changes between the conditions and age 
groups, even better than typical force plate signals. The typical computational measures 
derived from CoP signals can be applied directly to accelerometry signals with good or 
better results. Prior to computing the measures, one must eliminate or minimise possible 
sources of variability not directly related with the phenomenon under study. The results 
of this study, using a different range of frequencies and eliminating frequencies <0.3 Hz, 
suggest the importance of higher frequencies when evaluating postural steadiness. 
The results of this study address a general topic of importance for bioengineers, 
biomechanists, clinicians, physiologist and other interested in apply accelerometers for 
postural sway evaluation. 
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Chapter 5: Anticipatory postural adjustments (APAs) 
5.1 Introduction 
In chapter one it was stated that the human control system is continuously acting 
in order to maintain the balance and that the equilibrium system needs the coordination of 
three subsystems: sensory (vestibular organs, vision, cutaneous receptors, proprioceptive 
sensors), muscle-skeletal (muscles, bones, tendons and ligaments) and central nervous 
system (brain and spinal cord).  The motor control system counteracts equilibrium 
perturbations by mean of compensatory and anticipatory postural adjustments (APAs) [1], 
[110-112].  While the compensatory adjustments deal with actual perturbation of balance, 
the APAs precede the perturbations [113]. 
Since the 1960´s several researchers have demonstrated that, in voluntary 
movements, some muscles apparently unrelated with the desired movement are activated 
prior to the volitional movement. For example, they observed that, when a standing 
subject is to grasp a heavy object located in front of him at the chest level but in front of 
his CoM, the sway orientation of the body must first be shifted backward so that, once the 
object is grasped, the CoM of the body with the object remains centered with respect to 
the support surface [4]. Figure 29 depicts this observation and the muscle activation. 
 
Figure 29 Displacement backwards and activation of the gastrocnemius muscle before the volitional 
action of pulls on handle. The movements should be performed when a tone were activated [114]. 
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The APAs consist of preprogrammed activation of the muscles, according to task 
parameters [115] and are important to minimize the effects of planned postural 
perturbations.  
 APAs are affected by the inclination of the floor [116], the magnitude of the 
forthcoming movement [10], posture [117], age [9], [118], and several neurodegenerative 
diseases, such as Parkinson’s disease [6], Huntington’s chorea [7], and Down’s syndrome. 
APAs are also affected in stroke patients and amputees [113]. The enormous importance 
of the APAs in the equilibrium system and its relationship with the CNS is an important 
reason to study APAs. In fact, some researchers have suggested the use of APAs as a 
method to evaluate the progress of patients with neurological disorders [7] or patients 
after a stroke [119] as well as to detect early clinical signs [8]. 
To date, APAs have been mainly detected and studied using electromyography 
(EMG), force platforms or stabilometers, and motion-analysis systems. These systems 
have been proven effective; however, the cost and complexity of taking measurements 
and performing subsequent evaluations have limited their use to hospitals and well-
equipped laboratories.  
In an effort to avoid these limitations, some researchers have proposed the use of 
low-cost inertial sensors as an alternative to evaluate human movements for example, for 
normal gait [56], [120-122] sway [90], to detect falls in elderly people [57],  to detect 
changes in posture [123] and also to measure APAs [8], [124], [125]. 
The results of those studies have already demonstrated the capability of inertial 
sensors to detect and evaluate APAs prior to step but, until now, only accelerometers 
have been used. Moreover, only the results of two-dimensional measurements of APAs, 
i.e., anteroposterior (AP) and mediolateral (ML), have been presented. 
With current advances in microelectronics and micro-electromechanical systems 
(MEMS), it is easy to find small and inexpensive devices that are capable of measuring 
not only acceleration, but also angular velocity in three spatial dimensions. The use of 
triaxial sensors, accelerometers, and angular velocity could improve the detection and 
evaluation of the APAs. Furthermore, algorithms presented in previous papers depended 
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on other systems such as stabilometers or video markers to detect the end of the APAs, 
which downgrade the use of inertial sensors as a tool to detect the APAs.  
The availability of inertial sensors and the potential to use them as a standalone 
system to measure APAs makes it possible to design systems that enable the population 
to more frequently participate in the prevention and early prediction of diseases [11]. 
Due to the reasons presented above, the authors believe it is necessary to develop 
both a method to characterize inertial sensors signals in three dimensions and an 
algorithm to detect APAs reliably.    
The aim of this study was to characterize the detection of APAs prior to gait 
initiation using a triaxial inertial wearable sensor attached on the lower back. The typical 
APA waveforms in young healthy subjects are presented. Additionally, a simple 
algorithm to detect the beginning and end of APAs using only the inertial sensors is 
proposed. The algorithm used is simple enough to be implemented in low computational 
power devices such as microcontrollers or digital signal processors (DSP) to achieve a 
wearable device capable of functioning without the need for a computer. The end of 
APAs calculated using this algorithm was compared with those values detected using a 
footswitch, device that determine the beginning of the step more accurately. By definition, 
the beginning of the step is the end of the APAs.  
 
5.2 Methods 
5.2.1 Subjects 
Ten subjects (7 men, 3 women) with no previous history of neurological disorders 
or equilibrium problems participated in this study. Their average age was 26 ± 3 years 
(average ± SD), height was 165 ± 8 cm, and weight was 60 ± 10 kg. Subjects with 
corrected vision wore their glasses during the study. All subjects were right-handed. 
Young healthy subjects were preferentially used because the main purpose of this 
study was to evaluate and characterize the use of inertial sensors for detecting APAs and 
to compare the results with those obtained employing typical methods. In addition, the 
protocol involves several trials for each subject. An elderly person or patient might not be 
able to perform these repetitions. Before the test, the subjects were informed of the 
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purposes and conditions of the test and were asked to sign a consent form developed by 
the ethics committee of Chiba University. The study conformed to the standards set by 
the Declaration of Helsinki. 
 
5.2.2 Equipment 
A stabilometer (ANIMA G-620; Anima Inc., Tokyo, Japan) was used to measure 
the center of pressure displacement (CoP). A footswitch consisting of two square plates 
(3 x 3 cm) was composed of a conductor and moldable material separated by a soft non-
conductor material. A special shape of the non-conductor material was used to allow 
electrical connection when the mass over the sensor was higher than 4 kg with an 
acceleration of 1 g. The use of a moldable material prevents any discomfort to the 
subjects that may affect normal posture and stepping. 
Two inertial wearable sensors units, each containing two type of sensors in the 
same unit, a triaxial acceleration sensor (MMA72260Q; Freescale, Austin, TX), and a 
triaxial angular velocity sensor composed of two ENC-03RC sensors (Murata, Tokyo, 
Japan) and one X3500 sensor (Epson, Tokyo, Japan), both, the ENC-03RC and the 
X3500 are angular velocity sensors,  mounted orthogonally. The inertial sensor units 
were fully developed in our laboratory, and the electronic design and characteristics of 
the sensors permit a measuring range of ±1.5g, a sensitivity of 800 mV/g, and a range of 
response frequency from 0 Hz to 28 Hz for the accelerometer. For the angular velocity 
sensors, we achieve a sensitivity of 16.8 mV/deg/s with a range of ± 80 deg/s and a 
response frequency of 0.01–28 Hz. The analogue signals of all sensors were converted 
into digital using a 12-bit ADC built into a digital signal controller (DSC), dsPIC30F3012 
(Microchip, Chandler, Arizona, USA). The signals were sampled at 100 Hz. The DSC 
sends the signals to a computer via Bluetooth using a ZEAL-S01 module (ADC 
technology, Inc., Tokyo, Japan). The data were received in a computer using an ad hoc 
program made with Visual Basic 2005 (Microsoft, Redmond, WA). The data transmitted 
included an algorithm for detection of data losses, which ensures the reliability of data 
transmission.  
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The resulting inertial sensor units also provide three more inputs to connect extra 
analogue sensors, if required. The size of each unit is 93 mm length, 64 mm width, and 
20 mm height, with a weight of only 110 g including the battery. 
Each unit can run for more than 4 hours using a rechargeable 9 V battery, 250 
mAh. The accelerometers calibration was checked by  by measuring their outputs under 
controlled inclination. For example, at 0º, 90º, and 180º, the values were 1 g, 0 g, and -1 g, 
respectively. It is known that this type of accelerometers must have an output of 1 g when 
the gravity force of the earth is acting over them. Thus, by checking this output is 
possible to check the accuracy of the sensors in a simple way. 
The resolution obtained with these sensors and electronic design was 0.001 g/bit 
for the accelerometers and 0.047 deg/s/bit for the angular velocity sensors. The RMS 
noise was lower than 0.005 g for the accelerometers and lower than 0.12 deg/s for angular 
velocity.  
Wearable sensors were chosen because they have a small size and mass. 
Furthermore, the absence of wires enables us to obtain measurements with minimal 
disruption of the natural movement of the subjects. 
5.2.3 Placement of sensors 
One unit was attached to the lower back, around the L3–L4 vertebra. This position 
was chosen due to the proximity to the center of mass (CoM) of the human body. A 
second inertial sensor unit was attached to the lateral side of the ankle of the dominant leg. 
A footswitch was connected to this unit enabling the detection of the beginning of the 
step and allowing the recorded signals to be synchronized with the sensor on the trunk. 
The footswitch, which was attached to the heel of the dominant leg around the area of the 
calcaneus bone, was attached to the skin using an elastic sock to avoid movement, see 
Figure 30. The comfort of the subjects was assured by checking with each participant 
before the beginning of the experiment.  The stabilometer was placed on a plain surface; 
the area in front of the stabilometer was prepared to have the same level as the 
stabilometer to allow a natural step on flat surfaces. The stabilometer provided a 
synchronization signal, which was connected to one of the analog inputs of the inertial 
unit attached on the ankle. 
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Figure 30 Placement of sensors. ML stands for mediolateral, AP stands for anteroposterior and V 
stands for vertical axis. The straight arrows indicate positive values of acceleration and the curved 
arrows indicate positive values of angular velocity. 
 
5.2.4 Test procedure 
The subjects stood on the stabilometer upright and barefoot in a comfortable 
position with their arms at their sides. The foot position for each trial was controlled by 
asking the subjects to put their feet on the marks drawn on the stabilometer.  
The separation between the feet was of 2 cm and their longitudinal axis parallel to 
the anteroposterior (AP) plane. 
At the beginning of the experiment, the subject focused on a mark at eye level on 
the wall at a distance of 3 m. Subjects were asked to take a step forward on hearing a 
command from the experimenter, see Figure 31. The time for the command was chosen 
randomly without previous announcement. Before recording, the subjects were asked to 
perform a step to confirm whether they had comprehended the instructions correctly. 
Each subject performed five trials, and each trial lasted for 10 s, starting when the subject 
was standing on the stabilometer and finishing after subject completed a step. This trial 
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duration was found to be long enough to allow for minimization of the natural sway 
before the step.  
 
Figure 31 The subject starts looking at the target trying to minimize the natural sway. When the 
order "GO" was given, the subject took a step forward 
 
After the step, the subject waited until the 10 s recording was finished and then 
went back to the initial position for the next trial. There was a 1-minute gap between 
trials, which was enough to prepare the equipment for the next recording. Studies have 
reported no changes in APA patterns as a result of fatigue [126]; therefore, a rest period 
was considered unnecessary. 
5.2.5 Data preparation 
 
Signals were analyzed offline using MATLAB
® 
 ver. 7.0 (MathWorks, Natick, 
MA). The signals for each trial were cut 3 s before the step and 2 s after the point 
indicated by the onset of the footswitch. Regarding to inertial signals, only data from the 
sensor attached to the lower back were analyzed, the sensor unit on the ankle was used 
mainly to read the footswitch and stabilometer synchronization signals rather than 
measure the inertial signals on the ankle thus, the inertial data of the sensor unit on the 
ankle was not considered. Bias for all signals was eliminated by simple subtraction of the 
average signal evaluated during the first 2000 ms. The data from the accelerometers were 
low-pass filtered using a second-order zero phase Butterworth filter. This elimination of 
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bias minimizes the possible effects of the tilt in the accelerometers.  The standard 
deviation (SD) of the baseline of each signal during the first 2000 ms was calculated. 
This signal was multiplied by a factor (F) and used as a threshold to detect the onset and 
end of the APAs In order to find the best results, several cutt-off frequencies were tested 
for the filter (2.5 Hz, 3 Hz, 3.5 Hz and 5 Hz) and several F values were used for the 
threshold calculation (F = 2, 3, 4, 5 and 6) 
The duration of the APAs was determined as the time between the onset of the 
signal of interest and the onset of the footswitch sensor (end of the APA). Figure 32 
exemplifies this method of detection using a mediolateral signal. The duration and 
amplitude of the APA were measured for each sensor and each trial. 
 
 
Figure 32 Method for the detection of Anticipatory postural adjustments (APAs) onset for an 
acceleration signal in the ML axis. All the signals were low-pass filtered. The standard deviation of 
the baseline during the first 2 s was multiplied by a factor (F) and used as a threshold (Th). The onset 
of the APA was determined by the time when the signal was >Th. The end of the APAs was 
determined by the time when the signal returned to the baseline level. The foot switch (dotted line) 
was used to measure the time between the beginning of the step and the end of the APAs. The same 
method was applied for all the signals.  
5.3 Statistics 
The internal consistency reliability of the APAs was evaluated using an average 
inter-item correlation test. The first step was to check whether the signals detected by the 
Chapter 5: Anticipatory postural adjustments (APAs) 
 81
inertial sensors showed consistency among trials, both within and between subjects. The 
signals recorded by each sensor for all the trials for the same subject were compared. The 
inter-item correlation coefficient was calculated for each sensor and for all signals for 
each subject. This correlation served as an indicator of the degree to which the subject 
repeated the same APAs between trials. The repeatability of the data for each individual 
was also evaluated. The Pearson’s r value was calculated (corrcoef function in 
MATLAB) to assess the correlation between the duration calculated using different 
sensors. 
5.4 Results 
5.4.1 Repeatability of APAs and waveforms 
First, it is necessary to determine whether the APAs measured by the inertial 
sensors had internal consistency, i.e., if the waveform was consistent between trials for 
the same subject. An average inter-item correlation test was used for this purpose. The 
test calculates the correlation between each pair of signals and then calculates the average 
of all these resultant correlations. Table 10 shows the values calculated for each signal 
from the inertial sensors, as well as the signals from the stabilometer. 
Table 10 Inter-item correlation results for all the signals subject by subject 
Subject Acceleration Angular velocity CoP displacement 
  ML AP UD ML AP UD ML AP 
1 0.88 0.87 0.83 0.69 0.56 0.64 0.99 0.99 
2 0.87 0.92 0.72 0.80 0.80 0.73 0.99 0.98 
3 0.82 0.93 0.65 0.83 0.60 0.77 0.97 0.95 
4 0.84 0.67 0.50 0.69 0.55 0.77 0.97 0.98 
5 0.83 0.83 0.75 0.88 0.81 0.94 0.98 0.99 
6 0.51 0.97 0.78 0.83 0.54 0.65 0.98 0.98 
7 0.87 0.84 0.83 0.84 0.74 0.77 0.93 0.99 
8 0.93 0.97 0.90 0.93 0.89 0.88 0.99 0.99 
9 0.80 0.92 0.83 0.93 0.83 0.68 0.98 0.86 
10 0.57 0.84 0.72 0.84 0.70 0.69 0.98 0.93 
average 0.79 0.88 0.75 0.83 0.70 0.75 0.98 0.97 
SD 0.14 0.09 0.11 0.08 0.13 0.10 0.02 0.04 
Inter-item correlation results for all signals from all the subjects (p < 0.05) in the worst case scenario. All 
signals were low-pass filtered at 3 Hz and evaluated over 5 s. A higher value means that the pattern of 
movement is very similar between trials; a lower value indicates that the movement is different between 
trials. Ideally, the value should be 1 
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An inter-item correlation value close to 1.0 indicates that the signals are very 
similar between trials, i.e., the subject repeats the same movement.  
At the bottom of Table 10 the inter-item correlation values are averaged to 
provide an idea of which signals are more consistent. It is noteworthy that the 
stabilometer signals (CoP) have better internal consistency and reliability than do the 
inertial sensors; however, the inertial sensors still have a maximum consistence of 88% 
(acceleration-AP) and a minimum of 70% (Angular velocity-AP). Figure 33 shows the 
averaged waveforms for one subject using the five trials. 
 
Figure 33 Example of signals from the inertial sensors and stabilometer for one subject 1s before the 
step. a) acceleration in the ML plane, b) acceleration in the AP plane, c) acceleration in the vertical 
plane; f) angular velocity in the ML plane, g) angular velocity in the AP plane, h) angular velocity in 
the vertical plane. d) is the CoP displacement in the ML plane, and e) is the CoP in the AP plane. 
?ote that the CoP signal is repeated to allow for an easier comparison of the main APAs 
characteristics with the inertial sensors. The dotted lines show the beginning of each phase of the 
APAs. The green lines indicate the SD of the signals for 5 trials. 
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It is also interesting to calculate the similarity of signals among subjects. 
Specifically, how similar is the movement among different subjects? To answer this 
question the same inter-item correlation test can be applied. This time, the averaged 
signals over five trials for each subject were used. These values that indicate the 
similarity in patterns among several subjects are shown in Table 11. 
 
Table 11. Inter-item correlation values for each signal among subjects 
Sensor Acceleration Angular velocity CoP displacement 
Axis ML AP UD ML AP UD ML AP 
r (p < 0.05) 0.55 0.44 0.55 0.13 0.2 0.56 0.6 0.63 
 
The results indicate that the angular velocity in the ML and AP planes shows the 
greatest difference among subjects. These results suggest that the tilt of the trunk is 
different for each subject even when the CoP and acceleration in the ML plane show 
similar patterns. 
Our results show a “mirror effect” between CoP displacement and acceleration 
signals. While the CoP movement is rearward toward the stepping foot, the acceleration 
is opposite, i.e., forward and toward the standing foot. This effect has already been 
published and explained in [1] and was found in previous studies using accelerometers. 
These results demonstrate the consistency of our method in detecting APAs.  
5.4.2 Duration of APAs 
 
In previous studies measuring APAs using accelerometers, the beginning of the 
APA was determined by the time at which the amplitude of the signal exceeded a 
threshold. The threshold was given by the standard deviation (SD) of the signal when the 
subject was standing still multiplied by a factor of two [8], but the authors did not 
provided reason for the use of this factor. In other studies, it was determined visually by 
detecting the first change of the signals using the CoP displacement [125]. In other cases, 
the end of the APAs was detected by using video systems (cameras and markers), [124] 
determining the end of the APA when the foot was raised; or using the CoP displacement 
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[8] by defining the end of the APA as the time when the CoP in both ML and AP planes 
returned to baseline (below the threshold). In all cases, the beginning of the APA was 
determined using a system different from the inertial sensors; the use of inertial sensors 
does not make much sense if reference to other, more complex devices determines the 
end of the APAs.  
 
Figure 34. Detection of the end of APAs using several threshold levels (TH) and cut-off frequencies. 
The threshold is determined by the baseline of the signal multiplied by a factor (F).  “Acc” stands for 
acceleration signals, “AV” stands for angular velocity sensors, and “ST” stands for stabilometer, 
which measures CoP displacement. The values are in milliseconds [ms]. A negative value denotes a 
time before the footswitch detected the leg being raised, and positive values denote a time after the 
footswitch detected that the leg was raised. Ideally the values should be either zero or negative values 
close to zero, never positive. 
 
Chapter 5: Anticipatory postural adjustments (APAs) 
 85
In the present study, we used the same method proposed by [8]  to detect the 
beginning of the APAs, but the end was determined using only the inertial sensor signals.  
The threshold method was used to detect the beginning and the end of the APA. 
Values for the onset were determined by the time when the signal surpasses the threshold, 
and for the end, when the signal returns to baseline or is lower than the threshold. As 
explained in Figure 31, the threshold is calculated using the SD of the baseline during the 
first 2 s of standing, multiplied a factor (F). 
The end of the APA was calculated for each signal and each combination of 
factors and cut-off frequencies. The calculated time was compared with the time 
determined by the footswitch, which was considered as the true end of the APA for this 
study. The results of this test are shown in Figure 34. Ideally, the lines in the graphs 
should be zero or very close to zero, which would indicate that the algorithm is detecting 
the end of the APA in exactly the same manner as the footswitch. 
 
Figure 35. Duration of APAs calculated using the footswitch, stabilometer (CoP-AP), and the angular 
velocity sensor (UD plane) used to determine the end of the APAs. The actual end of the APAs is 
considered to be determined by the footswitch.  
 
The graphs in Figure 33 show that the CoP-AP always identified the end of the 
APA after the true end, defined by the footswitch. In contrast, the CoP-ML identified the 
end before the true end occurred. The cut-off frequencies that showed the least amount of 
dependence on the factor value were 3 Hz and 3.5 Hz, and the factor values (F) that were 
closer to zero were 4, 5, and 6. The best-fit signals for detection of the end of APA were 
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those from the angular velocity sensors, specifically the angular velocity in the 
anteroposterior plane (AV-AP) and the angular velocity in the vertical plane (AV-V). 
Figure 35 shows the average duration of the APAs calculated using the footswitch, the 
CoP-AP, and the angular velocity sensor AP signals to determine the end of the APAs. 
The duration calculated using the CoP-AP is 10% larger than the real duration of the 
APAs, i.e., that detected using the footswitch. The duration using the angular velocity AP 
is 2.8% shorter than the actual duration. This result suggests that angular velocity in the 
vertical plane (V) instead of the accelerations signals should be used to detect the end of 
the APAs using a factor (F) equal to or greater than 4. 
 
Figure 36. Average APA duration for each sensor using the angular velocity in the vertical plane 
(AV-UD) to detect the end of the APA.The beginning of the APA was considered to be when the each 
signal was greater than 3 times the standard deviation of the baseline during the first 2000 ms of each 
signal, and the end was determined by the time when the signal went back to baseline level. All 
signals went through a LPF zero phase (Butterworth Fc = 3.5 Hz).  
 
Figure 36 shows the results of the average APAs duration detected by each sensor 
using a cutoff frequency of 3 Hz and a factor (F = 4). The end of the APA was 
determined by the angular velocity in the AP plane (AV-V), the correlations between 
CoP and accelerometer detected durations were (*r = 0.63) in the ML plane and  (**r = 
71) in the AP plane, p < 0.05.  
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The duration of the APA was detected with all sensors; the accelerometers show a 
lower APA duration, although the trends are the same as that of the CoP, the duration in 
the ML plane is longer than the duration in the AP plane. 
5.4.3 Amplitude of APAs 
The maximum amplitudes of the APAs for each type of sensor were measured, 
and the results are shown in Figure 37. The overall results suggested that both types of 
inertial sensor had similar behavior to the stabilometer with respect to the APA amplitude. 
The amplitude detected for the ML axis was smaller than that detected in the AP axis.  
 
Figure 37. Average amplitude values for all sensors. The results show similar trends; the amplitude 
in the ML is lower than that in the AP plane. The magnitude of acceleration and angular velocity was 
calculated using the Euclidean norm. 
 
These results suggest that the inertial sensors are able to detect changes in 
amplitude similar to stabilometer.   
5.5 Discussion 
5.5.1 Repeatability of APAs 
The results comparing the APA waveforms within subjects showed high 
correlation coefficients, indicating similarity within subjects repeating the same 
movement. The angular velocity in the AP plane (AV-AP) had the lowest correlation 
value. These results suggest that the tilt of the trunk in the AP plane was slightly different 
Chapter 5: Anticipatory postural adjustments (APAs) 
 88
between trials. This result may be due to different patterns of arm movements or, more 
likely, different activation patterns of the abdominal muscles. None of the inertial sensors 
reached values similar to the CoP, which could due to the SNR of the inertial sensors. 
However, the authors consider that the values achieved are good enough to be considered 
repetitive. 
Intersubject repeatability for the inertial sensors also shows similar values to that 
achieved by the stabilometer, which confirms the viability of measuring the APAs with 
inertial sensors. The angular velocity sensor in the AP plane showed the lowest 
correlation coefficients, indicating that these signals were markedly different between 
subjects (Table 11) and suggesting a different tilt response within the same subject. A 
study using EMG might be useful to determine the reason of that difference.  
5.5.2 Duration of the APAs 
The duration of the APAs was determined using a simple algorithm based on a 
threshold level. The angular velocity signal in the vertical plane (AV-V) was best able to 
detect the end of the APA using this simple algorithm. It was demonstrated that the end 
of the APAs detected using the CoP was delayed by approximately 50 ms with respect to 
the true end of the APAs. This fact was not considered in previous studies that used this 
signal to determine the end of the APAs [8]. 
The use of angular velocity sensors, specifically in the vertical plane (AV-V) and 
anteroposterior plane (AV-AP), to detect the end of the APAs is recommended instead of 
the use of acceleration signals.  
5.5.3 Waveform and amplitude 
As expected, the waveforms resulting from the APA movements were similar for 
the inertial sensors and the stabilometer, especially in the AP and ML planes. However, 
the peaks of these APAs were inverted in relation to the CoP. While acceleration 
describes a forward movement, the CoP has a rearward movement component. These 
results were similar to those reported previously [124], [125],  [8] and are consistent with 
the model of inverted pendulum explained in the chapter 3.  
The amplitude of the APA is another important factor, as demonstrated by 
Mancini [8]  in a study measuring the APAs of Parkinson’s disease patients. The patients 
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showed lower APA amplitude than did healthy control subjects. Our results indicated a 
lower amplitude in the ML plane compared with the AP plane for all sensors. Our results 
are consistent with those presented in [5], but not [8] . This could be due to the restriction 
on the initial stance and the separation between feet used in [8] .  
 
5.6 Conclusions  
In this chapter, we examined the capabilities of inertial sensors (angular velocity 
and accelerometers) for detecting and evaluating various characteristics of anticipatory 
postural adjustments (APAs). We calculated the amplitude and duration of APAs while 
varying signal filtering and the threshold for detection of APAs. We obtained the best 
results using the SD of the bias multiplied by a factor of 4 to determine the end of the 
APAs, and by filtering the signals at 3 Hz.  
The resulting measures were compared with those from a stabilometer as a gold 
standard. The results suggested the usefulness of inertial sensors for detection and 
evaluation of APAs prior to stepping.  
Angular velocity sensors are proposed to improve the detection of APAs, 
specifically, the end of APAs.  
These results were obtained using a very simple algorithm. This algorithm is not 
computationally demanding and is simple enough to implement in low computational 
power devices such as digital signal processors (DSP), digital signal controllers (DSC), or 
even in microcontrollers, thus avoiding the use of expensive computers and improving 
the power of inertial sensors as a tool to evaluate APAs in an inexpensive way. Although 
the detection and waveform performance were not better than those of the stabilometer, 
they were sufficiently similar to provide a general idea of the status of the APA 
generation system. These inertial sensors could be used as a first-line tool for the 
diagnosis of APAs before stepping. It should also be noted that a better algorithm and 
improved signal processing, while probably more computationally demanding, could 
improve the overall results of the inertial sensors. 
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The development of a portable and reliable device to evaluate gait initiation in 
environments different from that of laboratories or hospitals could help in encouraging 
the participation of the entire population in the prevention of illness or early prediction of 
diseases, thereby achieving pervasive and personalized healthcare [11].  
The results obtained in this chapter also increase the body of literature outlining 
gait initiation analysis using inertial sensors and reaffirm the results obtained by other 
researchers with respect to the duration and amplitude of APAs in healthy subjects.  It 
must be noted that the algorithm was proved on healthy and young subjects and show 
similar results to those published previously in the same type of subjects [5]. However, 
further research must be done in elderly and patients where the baseline may be not so 
straight making difficult to detect the beginning of the APAs.   
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Chapter 6 General discussion 
In this work we evaluated the use of inertial sensors for assessment of very 
specific movements on healthy humans:  
 Postural sway during standing. 
 Anticipatory postural adjustments prior to take a step forward. 
These movements were chosen because they are easy to perform and do not require 
special abilities, thus even elderly people or patients recovering or suffering from some 
disease could be able to take the test.  
6.1 About the postural sway assessment  
Measurement of postural sway has been widely used together with the Romberg 
test (see chapter 3). The difference between sway for open and closed eyes have been 
useful to discriminate between conditions or groups under study. Some studies cited in 
this work reported sway differences between men and women; children, young and 
elderly; normal versus over-weighted people; well-sleeping versus sleepless subjects; 
workers exposed to poisoning substances, patients of neurodegenerative brain disorders 
such as Parkinson or Huntington’s disease [127] among many other uses which is 
indicative of the potential of these parameters as tool for diagnosis measuring the postural 
sway. 
6.1.1 Measurement 
The most reported device used to measure postural sway is force platform or its 
simplified version, the stabilometers.  These devices have been used for decades and their 
measurements, sizes, materials and methods for operation are well established and are 
followed by the majority of manufacturers. The advantages of this device over other 
systems such as mechanical, 3D video analysis or magnetic sensors are mainly, the 
comparatively low cost of the force platform and the ability to perform tests easily and 
quickly without the necessity of complex calculations or long training. One of their 
disadvantages however, is the relatively short measurement area, limited by the size of 
the force platform or stabilometer. For measurements of static positions is very well 
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suited but for movements such as walk or run, several devices should be necessary 
depending on the distance to cover. 
The use of inertial sensors, such as accelerometers and gyroscopes, based on 
MEMS technology are suggested as a solution for this problem. Thanks to their small size, 
low cost, low power requirements and ability to detect movements in 3D without the use 
of external references, these devices are proposed as an alternative tool for movement 
measurement.  Trying to take advantage of these characteristics, many researchers have 
developed techniques for measuring, algorithms for processing the signals and methods 
for analysis and interpretation of the measurements however, until now; there is not a 
clear path about which method is better.  
A review on the literature related to measurement of postural sway using inertial 
sensors reveals a lack of homogeneity in the measurements. Each researcher uses 
different sensors and sometimes they do not even know or do not report very basic 
characteristics of the sensors that they are using. Sensor data such like, sensitivity, signal-
to-noise-ratio, range of frequency, resolution are usually not reported and they are 
important if we are aiming for a standardization of this technology. The standardization is 
a requirement for the spreading of this technique as a tool of common use in clinical 
practice. 
Other issue is that, all the studies reviewed, avoid the analysis of the vertical 
movement considering that is very small and that will not provide significant 
improvements in the results. Then only consider the horizontal plane just like the 
stabilometers do, neglecting thus, the fact that modern sensors can measure in 3D and 
that could improve the total result. 
6.1.2 Results and conclusions 
In the chapter 4 we present the methods and results of a study comparing the 
postural sway between healthy elderly and young healthy subjects using inertial sensors. 
For the signal analysis we took in consideration the pre-processing of the signal in order 
to minimize undesired disturbances such as constant gravity component, acceleration due 
to slow body sway, acceleration due to the site of measurement which is unrelated to the 
variable of interest, and the signal-to-noise ratio.  
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In 1998 Moe-Nilssen et at al. [98], proposed an algorithm for reduction of the 
constant gravity component using accelerometers under gait condition. This algorithm is 
based on trigonometric transformations which promise to reduce the tilt effect of the 
accelerometer. From then on, several researchers have used this algorithm on several 
experiments, even those not related with gait. In 2002 Moe-Nilssen et al. [87], used his 
algorithm for evaluation of postural sway and then other researchers follow this method 
which demands more computation time. 
Our observations suggested that this trigonometric conversion can be avoided for 
postural sway measurements because the sensor tilt is very small and the resultant gravity 
component can be easily removed by using a simply high pass filter.  
The signal-to-noise ratio was enhanced by using a Savitzky-Golay low pass filter 
which also preserves maximums and minimums of the signal better than other filters.  
Especial care was taken for frequency range selection in order to minimize the noise from 
the visceral movement de to respiration. It was observed that attaching the sensor on the 
low-back causes visible movements on the sensor due to breathing. The reviewed 
literature reveals that the researchers evaluating postural sway and attaching the sensor in 
the low-back do not take this in consideration and then their results might be flawed [81], 
[88], [90].  
In this study we processed the acceleration signal using know algorithm usually 
employed for CoP signals. 16 algorithms were applied to each axis of the signals or 
combination of signals resulting in 56 parameters to compare between groups and 
conditions. The ability of accelerometer to discriminate between open and closed eyes 
and between elderly and young subjects was compared with the results published by 
Prieto et al. [72] who used CoP signals to compare similar groups.  
Our results indicate that the accelerometer was better to discriminate between 
open and closed eyes within the same group and was also superior to discriminate 
between elderly and young with open eyes. However, CoP signals were better to 
discriminate between elderly and young with closed eyes. This was due to the fact that 
the jerk was not able to detect differences under this condition while the mean velocity of 
the CoP was able. 
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However, the jerk was able to find differences between conditions using the 
vertical axis which until now has been ignored [128]. 
The overall results indicate that accelerometers are as good or better as 
stabilometers or force platforms for assessment of postural sway but especial care must 
be taken for the analysis process to achieve such results.  
6.2 About the APAs 
Anticipatory postural adjustments have been found useful to evaluate the status of 
the CNS especially for evaluation of movement initiation which is believed to be affected 
by injuries in the brain. Parkinson’s disease patients, who suffer from degeneration on the 
basal ganglia, usually show problems in the motor control. Difficulty to start movement 
commonly known as “freezing”   and bradykinesia, (slowed initiation) are some of the 
early symptoms in Parkinson’s disease [129]. Previous studies have demonstrated 
changes in APA amplitude in Parkinson’s patients compared with healthy subjects [130], 
[131].  
Common methods to measure APAs include EMG and force platforms measuring 
the CoP displacement. These systems have been proved effective but their complexity 
and high cost limit their use to well-equipped laboratories. 
 In 2009, Mancini et al., [8], [131] utilized accelerometers attached on the low-
back to measure APAs with good results demonstrating that APAs can be detected by 
accelerometers in healthy and Parkinson’s patients and that APAs are reduced in 
amplitude and duration in Parkinson’s patients.  However, Macini et al., used CoP signals 
as method to detect the end of the APAs which in certain way force to keep using force 
platforms to measure APAs restricting the potential of accelerometers as portable 
equipment. 
6.2.1 Results and conclusions 
In this work utilized accelerometer signals and angular velocity signals to detect 
the end of the APAs in order to avoid the use of force platforms and exploit all the 
advantages of the inertial sensors.  
A simple algorithm was performed to all the acceleration and angular velocity 
signals in all the axes to detect the beginning and the end of the APAs. Several 
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parameters were tested in order to find the value and signal that best helps to evaluate the 
duration of the APAs without the use of other systems. We employed a stabilometer and 
footswitch to compare results. Our findings indicate that using the method employed by 
Mancini always indicate a 10% longer duration of the APAs than the real ones. We found 
the that the vertical axis of the angular velocity signal is the best to detect the end of the 
APAs using a cut-off frequency of 3Hz for the HPF and multiplying the standard 
deviation of the signal by 4 to find the beginning of the APAs. 
This study demonstrates that the use of gyroscopes and accelerometers can detect 
APAs by themselves without other devices. The algorithm employed was simple enough 
to be implemented in low computational power devices such as microcontrollers, thus 
avoiding the use of computers and enabling the possibility to develop fully wearable 
devices. Our results for amplitude coincide with those reported by Hallyday et al. [5] and 
indicate that the amplitude of APAs is lower in the ML axis instead of the AP axis as 
reported by Mancini. This could be probably due to the restriction on the initial stance 
and the separation between feet used by Mancini.  
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Chapter 7: Conclusions and further study 
 
7.1 Conclusions 
 
In this work we explored the use of inertial sensors as a tool for human movement 
analysis. We analyzed two types of very specific movements; easy enough to be 
performed even by elderly, or patients recovering from some disease could perform them.  
 
We found inertial sensors capable to evaluate the postural sway during standing 
discriminating between elderly and young subjects and between open and close eyes 
conditions.  
 
Our results indicate a better performance than those reported using a force 
platform. Furthermore, we provided a complete list of average values of sway in elderly 
and young using a large set of parameters. This list might be useful for clinicians, 
biomechanics, bioengineers, physiologist and other people interested in apply 
accelerometers for postural evaluation. 
 
We proposed a pre-processing of the accelerometer signals that take care of 
undesirable disturbances improving the quality of results. 
 
It was proposed a simple algorithm based entirely in inertial sensors for detection 
of APAs prior to step initiation. This information might be useful to develop fully 
wearable devices to evaluate APAs in clinical environment avoiding the use of bulky or 
expensive equipment. 
7.2 Further study 
The final goal of this work is the creation of a fully wearable and minimally 
obtrusive system for the evaluation of human movement focused to specific parameters 
related with neurodegenerative diseases. 
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Inertial sensors have demonstrated to be useful to detect APAs which decrease in 
amplitude and duration in Parkinson’s disease patients;  
Inertial sensors are also able to evaluate postural sway which may be affected in 
subjects suffering form neurodegenerative diseases.  
Another application is the evaluation of tremor on the limbs, one of the first 
symptoms in Parkinson’s disease. 
The main idea is to create a set of tests using inertial sensors to perform a more 
complete analysis of the motor control system and characterize the results for patients 
suffering from different neurodegenerative diseases. 
The advantageous low cost and low size of the inertial sensors could allow the 
design of inexpensive and easy to use devices reducing the bulkiness that could lead to 
biased results.  
We propose the creation of a small device attached on the low-back and another 
small enough to be attached on the fingers to measure tremor of the hands. Both devices 
synchronized. 
Developing of algorithms for signal analysis to produce a complete profile based 
on tremor, APAs and postural sway for each subject analyzed. Comparing this profile 
between healthy subjects and patients suffering from movement-disorders-related 
diseases might be useful to detect differences and may be, these differences could be 
enough to enable an early detection of these diseases leading to a early treatment 
improving the quality of live of the patients. 
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